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Chapter One

INTRODUCTION
1.1 Overview
Due to increasing urbanization, deforestation, and agriculture, global variations of
Land Use and Land Cover (LULC) has risen since the last century, especially in
developing regions such as Asia, Africa, and South America [Goldewijk, 2001]. The role
and rationale of climatic impacts due to LULC changes have been recognized in the last
several decades, and have measureable and equally significant anthropogenic influences
on climate as greenhouse gases and aerosols [Pielke et al., 1990, 2001, 2005, 2011;
Mahmood et al., 2010, 2014]. Specifically, LULC changes can impact the climate on
multi-decadal time scales and multiple geographic scales ranging from micro (20m to 2
km), meso (10km to 200km), and even macro scales (above 200km) through regulating
energy budget, movement of water and momentum flux balance between the land and the
atmosphere [Pielke et al., 2011; Mahmood et al., 2014; Salazar et al., 2015].
The land surface climate feedback processes can be controlled by several important
surface properties such as surface albedo, soil moisture, roughness length, leaf area index
(LAI). Albedo is the fraction of reflected radiation from the surface to the total incoming
radiation on it. Modifications of albedo due to LULC changes may determine changes of
surface absorption and scattering of solar radiation, and further result in alteration of the
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available energy at the near surface [Berbet et al., 2003; Kvalevag et al., 2010; BeltranPrezeKurat et al., 2012; Meng et al., 2014]. Soil moisture refers to the amount of water
stored in the sub-surface, which can influence both energy balance and water cycle
between atmosphere and land surface through affecting the partitioning of sensible heat
(SH) and latent heat (LH) transfer [Feddema et al., 2005; Seneviratne et al., 2010;
Santanello et al., 2011]. Surface roughness determined by vegetation structure is
commonly parameterized by aerodynamic roughness length (z0), which is the height of
zero mean wind speed from wind profiles logarithmically varied with height [Grimenes
and Thue-Hansen, 2004]. A decrease in roughness length due to tropical deforestation
implies lower turbulent fluxes exchange between the surface and the atmosphere, but
stronger wind circulations near the ground [Pielke et al. 2011;Beltran-PrezeKurat et al.,
2012; Mahmood et al., 2014; Chakraborty et al., 2015]. Leaf Area Index (LAI), defined
as the ratio of one side green area and ground surface area, can impact the light extinction
within the canopy and the participation of non-radiative transfer, which can further affect
the water cycle in the earth system by altering the plant evapotranspiration [Yang et al.,
1999; Lobell et al., 2006; Alkama et al., 2010; Kala et al., 2014; Jiapaer et al., 2015].
To investigate the biogeophysical feedbacks of LULC changes, two methods can be
taken. One is to use observations from in-situ data, satellite measurements and regional
reanalysis to detect climatic impacts of LULC change [Xiao et al., 2010; Ge, 2010;
Chakraborty et al., 2015; Fan et al. 2015a,b]. Kalnay and Cai [2003] established
causation between land use change and surface temperature trends by comparing surface
observations in the continental United States with data from the NCEP-NCAR 50-year
reanalysis, and estimated that approximately 0.27 °C mean surface warming per century
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due to urbanization and land-use change. Fan et al. [2015a and b] combined both satellite
and ground observations to perform an attribution analysis to evaluate the temperature
and precipitation variations caused by anthropogenic LULC changes over the Loess
Plateau during 2001-2009. High quality ground observing networks and satellites can
provide spatial and temporal information that link LULC changes to their impacts on
regional climatic variables. However, the land-atmosphere feedback to climate is so
complicated, and can hardly be easily distinguished from observational data alone. The
second method is to use numerical model to understand the physical process how LULC
change can impact climate [Fairman et al., 2011; Nair et al.,2011; Vaden Broucke et al.,
2015; Salazar et al., 2015]. Modelling simulations are suitable to qualify the effects of
various surface properties on climatic variables in detailed spatiotemporal scales. Nair et
al. [2011] conduct model experiments to identify further evolution of the west coast
trough, convective clouds decrease, and rainfall reduction due to deforestations in
southwest Australia for agricultural purpose. To study climatic impacts on near-surface
atmosphere due to shifts from forest to agriculture in southern South American, a fully
coupled atmospheric-biospheric regional climate model is utilized to examine the effects
of surface albedo and LAI variations on decrease in surface maximum temperature and
diurnal temperature range in central Argentina in summer [Beltran-Przekurat et al.,
2012]. Results from both observational and modeling studies indicate that LULC changes
such deforestations and urbanizations can lead to reduced rainfall and cloud formation,
and warmer temperature due to increase in surface albedo and decrease in
evapotranspiration from vegetation [Hale et al., 2008; Zhang et al., 2009; Fall et al.,
2010; Ge et al., 2010; Vaden Broucke et al., 2015; Salazar et al., 2015]. Hence, it is of

3

primary interest to acquire modeling results consistent with observations to identify land
use change effects on the weather and climate patterns, which is crucial for a better
understanding and mitigation of anthropogenic climate change.
Prior research have focused on quantifying LULC changes caused alterations of
temperature trends and regional radiative forcing [e.g. Davin et al., 2007; Campra et al.,
2008; Fall et al., 2010; Hu and Dong, 2010, Zhai et al., 2014]. Some studies have found
their climatic effects on cloud formation and precipitation [e.g. Takahashi et al., 2010;
Fairman et al., 2011; Nair et al., 2011], atmospheric circulations [e.g. Jonko et al., 2010;
Lee et al., 2011], and planetary boundary layer [PBL, e.g. Adegoke et al., 2007;
Mahmood et al., 2011]. Despite this, there are still challenges associated with improved
characterization and parameterization of land surfaces in models such that the land –
atmosphere interactions can be modeled more realistically [Mahmood et al., 2014].
Furthermore, studies have emphasized the effects of accurate representation of land cover
on numerical model performance [Ge et al., 2007; Sertel et al., 2009; Suarez et al., 2013;
Tao et al., 2013; Gomez et al., 2015; Santos-Alamillos et al., 2015]. Ge et al. [2007]
assessed the significant effects of land cover accuracy on model simulated accumulated
precipitation over a range of simulated land classification accuracies over a 3 month
period. This effect can be further enhanced when the land surface boundary have greater
control on overlaying atmosphere. Sertel et al. [2009] found that their meso-scales model
simulation with more accurate land cover datasets can reduce the errors on temperature
estimates in the Mamara Region, Turkey. Tao et al. [2013] estimated the influence of
land cover parameterizations on several meteorological variables from a week long WRF
simulation over the USA based on three commonly used satellite derived land cover
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datasets such as US Geological Survery [USGS, Loveland et al., 2000], University of
Maryland [UMD, Hansen et al., 2000], and Moderate Resolution Imaging
Spectroradiometer [MODIS, Friedl et al., 2002]. Variations of WRF climate variables are
found to be associated with the different land cover properties among those datasets.
Suarez et al. [2013] showed that precipitation and planetary boundary layer variables
were great sensitive to the variations of soil moisture conditions. Santos-Alamilos et al.
[2015] also demonstrated that the accurate representation of land use parameterizations in
the WRF model simulation can provide considerable improvement in the wind-speed
estimation.
High-resolution, multispectral satellite imagery, along with more available in-situ
observations, has made it possible to acquire more accurate land surface characterizations
and parameterizations over multiple geographic scales [Friedl et al., 2010; Dorigo et al.,
2011; Guillevic et al., 2014]. Using collocated RAMS and LANDSAT satellite data,
Georgescu et al. [2009a, b] assessed the climatic effects of regional land use in semiarid
environments like the Greater Phoenix, Arizona region. Their research explicitly accounts
for metrics about how increasing urbanization and decreasing irrigated agriculture has
contributed to the region’s changing climate based on a coupled land-atmosphere system.
Recent study over agro-pastoral transitional zone of China has shown that simulations
with updated vegetation fraction, LAI, and albedo from satellite observations improve the
WRF model performance on estimations of temperature changes [Cao et al., 2015]. From
2001 to 2010, LULC changes were found to reduce summer temperature with the order
of 1°C, and result in local warming over 0.8°C in winter over the domain, while WRF
default land representation can only identify minor and random changes in temperature
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[Cao et al., 2015]. However, application of their studies to more complex tropical
maritime environments is not clear.
Seasonal monsoonal flows, tropical waves, and a very heterogeneous land surface,
coupled with inter-annual climate variability (e.g. El Niño/Southern Oscillation, ENSO)
make atmospheric observation, analysis and prediction over SE Asia a real challenge
[Reid et al., 2013]. During the last decade, significant changes in land use and land cover
(LULC) from peat swamp forest to oil palm plantation, open lowland, and lowland
mosaic categories over Southeast Asia (SE Asia) can be found based on The Center for
Remote Imaging, Sensing and Processing (CRISP) MODIS derived land cover
classification data (Figure1). This transition can also be shown by a decrease of
Normalized Difference Vegetation Index (NDVI) and LAI, along with an increase of
Land Surface Temperature (LST) from satellite observations during this time period (e.g.
MODIS on board Terra and Aqua), which is indicative of a sharp decrease in natural
vegetation for this region. Replacement of peat swamp forests by agriculture land (e.g. oil
palm plantation) has increased surface albedo, reduced surface roughness length, LAI and
root depth of the vegetation (reduced access to ground water) [Hockman, 2009; Boehm et
al., 2013]. Bell et al. [2015] has shown that these changes coupling with tropical
deforestations can impact the regional energy and water budgets, by making the surface
warmer and drier due to decrease in evaporation, which will thus result in contrasting
impacts of cloud formation and precipitation. However, their results are built on
deforestation changes in an idealized framework, to what extent, those geophysical
variables varied with realistic tropic LULC change, and their regional climatic impact
needs to be further investigated.
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Given this context, two components are needed in modeling climatic effects due to
LULC changes. One is using accurate characterization of land surfaces along with
suitable parameterization schemes and configurations in models to reduce uncertainties in
estimating spatiotemporal variations of surface observed metrological variables (e.g.
temperature, dew point, and winds), regional energy budget, cloud formation, and
precipitation. The other one is to assess how these climatic variables change due to
LULC changes. This study investigates these two topics in the region of SE Asian
maritime continents utilizing The Weather Research and Forecasting (WRF) numerical
modeling. The scientific objective of this study is twofold:
1) Quantify the sensitivities of regional scale physical processes to land use change
and various physical parameterizations, biases or uncertainties associated with
characterizations and parameterization of land surface in the model, against in situ
measurement network and satellite observations. How would land use
misrepresentation impact the accuracy of WRF estimates? To what extent realistic
and accurate land cover data can produce improved climate simulations?
2) Examine the impacts of LULC change on regional climate, with a particular focus
on the surface energy budget, cloud formations, and precipitations. What are the
physical processes governed by transitions from forests to agriculture affect
climatic conditions over SE Asia maritime continents?

1.2 Significance of This Study
Recent investigations have indicated important interactions between surface albedo,
soil moisture, vegetation and climate during the past decades. However, the variations of
these feedbacks in different environments and the physical mechanisms that lead to those
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impacts are difficult to constrain and are also less reported in complex land use system
such as SE Asia maritime continent. Uncertainties still exist in modelling their climatic
effects due to land use misrepresentations or inaccurate parameterization of land surface
properties in the model. This study provides statistical analysis on sensitivity of regional
climatic variables to land use change and uncertainties associated with land surface
parameterizations. These results demonstrate the weakness of current default land use
data in the model in representing the real surface condition in SE Asia. The necessity of
an accurate representation of surface characteristics and more detailed atmospheric data
is emphasized for improving model performance. In order to make unambiguous
interpretations on land-climate feedback over the domain, changes in energy balance, cloud

development and precipitation in response to tropical deforestations over SE Asian
maritime continent are examined in detailed. To our knowledge, this is the first attempt to
qualify biogeophysical feedbacks of realistic tropical deforestations to regional climate
over SE Asia maritime continents, while most of recent studies focus on Amazonian and
African forests [Bonan 2008; Bell et al., 2015; Diaz et al., 2015; Salazar et al., 2015].

1.3 Outline of This Study
The chapters in this dissertation are organized as follows. Firstly, the study area of the
Southeast Asia maritime continent is described in chapter 2. The descriptions include an
overview of regional climate patterns over SE Asia and decadal land use change in the
region. In Chapter 3, the datasets and methods are discussed, including a description of
satellite products, the Advanced Research WRF model [ARW, version 3.7.1; Skamarock
et al., 2009], and the design of numerical modeling experiments used in this study. The
characterization and parameterization of land surface are tested based on a series of
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numerical simulations to qualify the influence of land use misrepresentation on the
accuracy of WRF estimates. These results are presented in Chapter 4. In chapter 5, the
effect of distinct land use conversion from forest to agriculture land is examined to
evaluate how the most important land use and land cover change over SE Asia maritime
continent have contributed to regional surface energy budget, temperature, humidity,
diurnal cycle and wind patterns. The climatic effects on cloud formation and precipitation
due to land use change over Southeast Asian continent are further examined in Chapter 6.
The main findings and major conclusions of this dissertation are summarized in chapter
7.
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Chapter Two

THE STUDY AREA OF SOUTHEAST ASIA MARITIME
CONTINET
2.1 Southeast Asian Climate
The SE Asian Maritime Continents (MC, 10°S~20°N and 90°E~135°E) covers
regions of Southeast Asia includeing the countries of Malaysia, Singapore, Brunei,
Indonesia, and the Philippines. The study area has a monsoonal climate determined by
annual migration of the Inter-tropical Convergence Zone (ITCZ) due to equatorial low
pressure system, which is hot and humid all year round with averages of 26°C~30°C in
temperature and 70% ~ 90% in humidity. There are four different seasons in SE Asian:
the winter northeast monsoon, the summer southwest monsoon, and two monsoon
transition periods (MTPs). The meridional winds weaken and zonal trader winds become
strong around the equator during MTPs, which can also be referred as ‘onset-MTP’ and
‘withdrawal-MTP’, indicating before and after the summer monsoon. There is a relatively
‘wet’ and ‘wetter’ boreal summer and winter monsoonal cycle caused by seasonal shift in
winds or monsoon flows [Reid et al., 2013]. The variations of monthly mean precipitation
over SE Asia are shown in Figure 2.1 based on multi-year TRMM satellite observations
from 2000 to 2010. The tropical rain belt causes additional rainfall during the monsoon
seasons. Tropical precipitation appears to follow summer season in both hemispheres
with peak values of precipitation above 350 mm/month in northern hemisphere 10°N20°N during July-October and 300 mm/month in the southern hemisphere at 0°S - 20°S
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during November – February. It can be seen in Figure 2.1 that most countries over the
study area receive more than 1500 mm of rainfall every year, and some countries such as
Malaysia typically receives 2500 mm or more.

Figure 2.1 Monthly mean precipitation (mm) at different in SE Asia
Based on satellite observed cloud datasets, high cloud cover can be seen over
Southeast Asia (e.g. Philippines, Indonesia, and Malaysia) in relation to the mid-latitude
jet stream instability [Reid et al., 2013; Feng and Christopher et al., 2013]. From June to
November, the summer monsoon is prevalent over SE Asia MC, which is generally
humid with high levels of cloud cover (monthly mean cloud cover fraction of 60%–70%),
whereas from December to May, the winter monsoon is the dominant system, which is
dry with low cloud cover (cloud cover fraction of 50%–60%). Abundant cloud cover for
the region of interest is a big challenge for satellite remote sensing of LULC changes
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(e.g. deforestation) and their surface properties (e.g. LST and NDVI) as it reduces the
availability of data thereby causing a potential under sampling [Bulter and Moser, 2007].
In terms of inter-annual variability, the temperature variations and precipitation
fluctuations for most area of SE Asia can be associated with El Niño–Southern
Oscillation (ENSO) [Lau and Nath, 2000; Malhi and Wright, 2004]. During warm ENSO
phase (El Niño), the convective precipitation is reduced in the SE Asia MC due to weaker
easterly trader wind from southeast Pacific Ocean, thus provide a drier and warmer
environment than normal condition. As a tropical region heavily dependent on agriculture
and fishing this region is highly susceptible to multi-scales climate features (e.g. ENSO,
Madden Julian Oscillation), which can cause extreme weather events (e.g. floods and
droughts) seriously affecting those developing countries among the study area [Zhang et
al., 2002; Dai, 2011].

2. 2 Regional Land use and Land Cover Change
SE Asia has the third largest tropical rain forest (mainly peat swamp forests) on
the Earth, while the total fractions of forest area are larger than 50% in several countries
including Malaysia and Indonesia. However, forest loss due to agricultural expansion and
logging activities is currently acute among all countries in SE Asia. A previous study has
reported approximately 0.42% annual forest degradation and 0.71% annual net cover
change in SE Asia during the 1990-1997 period, which are both ranked as the highest
rates in the world during the same period [Achard et al., 2002]. The tropical rainforest in
SE Asia MC has experienced further loss in the next few years due to tremendous fires
events during one of the strongest El Niño conditions in 1997-1998. Stibig et al. [2014]
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has assessed an annual change rate of 1.75 Mha (~0.67%) and 1.45Mha (~0.59%) for the
1990s and 2000s period based on systematic samples from satellite images (e.g. Landsat)
of 30 meter resolution, automated classification techniques and forestry expert
consultation. More than 2/3 deforestations have been reported to occur in SE Asia MC
area with annual net deforestation rate of 1.51 Mha (0.84%) and 0.96 Mha (0.57%) for
the period of 1990-2000 and 2000-2010, respectively. Although having an overall
agreement above 80% with results from independent interpretation on forests detection,
their estimations are still lower than FAO’s estimations of 1.7% and 0.83% average
annual deforestation rate over SE Asia MC during 1990s and 2000s [FAO, 2006; FAO,
2010]. It can be seen in Table 2.1 that considerable uncertainty still exist in the estimates
of tropical forest area and changes among various studies. Nevertheless, all of their
results confirm the serious forest loss with major transitions from forests to plantations or
agriculture land (e.g. oil palm) during last several decades in SE Asia [Miettinen et al.,
2011; Harris et al., 2012; Stibig et al., 2014]. By utilizing a pair of 250 m high-resolution
MODIS images along with regional methodology and classification scheme, Miettinen et
al. [2011] has reported an overall 1.0% annual deforestation rate in SE Asia MC from
2000 to 2010. In addition, the peat swamp forests with large carbon storage has even
shown 2.2% yearly decline in forest area from their assessments. Extreme deforestation
levels around 5% annual forest loss can be found in the eastern low lands of Sumatra and
the peat lands of Sarawak, Borneo. Both of these areas are found to lose half of their year
2000 peat swamp forest cover by 2010 [Miettinen et al., 2012]. Detailed land use change
from their datasets is descripted in Chapter 3.
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Table 2.1 Forest cover and change from 1990 to 2010 in Southeast Asia and sub
regions (areas in million ha).
Change

Change

1990-2000

2000-2010

Area (%)

Area (%)

SE-Asia

1.75(0.67)

1.45(0.59)

SE-Asia MC

1.51(0.84)

0.96(0.57)

SE-Asia

2.4(0.92)

1.4(0.57)

SE-Asia MC

1.87(1.7)

-

Hansen et al., 2009

Indonesia

1.65(1.5)

-

Miettinen et al., 2011, 2012

SE-Asia MC

-

1.1(1.0)

Reference

Stibig et al. 2014

FAO, 2006, 2010

Region

Tropical deforestation in the study area provides potential contributions to
regional and global environment due to abundant biodiversity in rain forest ecosystems
and enormous carbon stored in peat swamp forested land [Miettinen et al., 2011]. The
increases in the deforested land of SE Asian MC can enhance carbon dioxide emissions
and biomass burning smokes in the atmosphere, which would further impact the regional
and global climate [Harris et al., 2012; Stibig et al., 2014]. With the world’s highest
deforestation rates in the 21st century, the clearing process for agricultural expansion is
ongoing among most SE Asian countries, and will continue unless the government and
local residents are notified that their climate and environment will be permanently
changed due to LULC changes.
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Chapter Three

DESCRIPTION OF THE DATASETS AND METHOD USED
IN THIS STUDY

In this chapter, a combination of satellite datasets and in-situ ground observations
used in this study are first introduced. Next, we provide a brief description of WRF, the
model configuration, and the experiments designed during the selected period. In order to
get more accurate land parameterizations, MODIS land products are used to initialize the
model simulation with updated the vegetation characteristics, while CRISP land datasets
are utilized to prescribe realistic land types into model grid points. This study evaluates
the model performance that best represents the atmospheric response to LULC variations
with respect to the surface meteorological data, cloud formations and precipitations.
MTSAT cloud product, TRMM latent heating and precipitation, and available in-situ
observations are used for this validation purpose.

3.1 The MODIS Land Product (LST, NDVI, LAI)
The Moderate resolution Imaging Spectroradiometer (MODIS) measures reflected
and emitted radiation from the earth-atmosphere system in 36 spectral channels between
0.405 µm-14.385 µm, with a swath width of 2330 km and near daily global coverage.
MODIS land products have been widely applied in support of long term land surface
monitoring and global change study since the beginning of this century [Justice et al.,
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2002]. Land datasets from MODIS onboard the NASA Terra and Aqua satellite platforms
are utilized to provide Land Surface Temperature (LST), Normalized Difference
Vegetation Index (NDVI), and Leaf Area Index (LAI) all with 1km spatial resolution in
the study. To eliminate the cloud effects, the quality assurance processes have been
applied to select high quality data retrieved in clear sky condition at the highest
confidence (99%) defined by MODIS cloud mask product [Wan et al., 2002; Roy et al.,
2002]. The Level 2 MODIS LST (MOD11A1 and MYD11A1) daily product is used to
compare with model land characterizations and simulated land skin temperature at the
Terra and Aqua overpass time [Wan et al., 2002]. The 16 day MODIS vegetation indices
(MOD13A2 and MYD13A2, Huete et al., 2002) product has been utilized to compute
vegetation fraction following the method proposed by Gutman and Ignatov et al., 1998.
The 8 day MODIS LAI product (MOD15A2 and MYD15A2, Huete et al., 2002) is
integrated into model simulations along with calculated vegetation fraction to improve
the accuracy of land parameterization in the model.

3.2 MTSAT Cloud Product
The full-disk imagery of hourly Japanese Advanced Meteorological Imager
(JAMI)/Multi-functional Transport Satellite (MTSAT-1R) calibrated reflectance for
August 2009 was used in this study. There are five JAMI/MTSAT-1R spectral channels
centered at 0.7 (VIS), 10.8 (IR1), 12.0 (IR2), 6.7(IR3), and 3.7(IR4) µm, respective The
spatial resolution of the JAMI/MTSAT-1R varied from 1 km in visible band to 4 km in
near-IR bands, which covers regions among East Asia, West Pacific, and Australia (80.5°
S-80.5° N, 60.4°E - 139.4°W). A threshold-based cloud mask product for high resolution
visible channel (1×1 km2) of MTSAT (MTSATHRIT-FD) is used to compare with model
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simulated cloud fields [Bley and Deneke, 2013].

Besides, MTSAT high temporal

resolution level 2 cloud product (CER_GEO_Ed4_MTS01_NH_V01) is provided by
NASA Langley Research Center with 5 km2 spatial resolution [Minnis et al., 2008],
which can be used to evaluate the model performance in simulating both ice and water
phase cloud properties (e.g. cloud water path and water content) over domain during our
study period.

3.3 Other Observation Datasets for Meteorological Variables
Ground observations of meteorological variables are collected from surface
weather station network operated by Automated Surface Observing System (ASOS),
while those datasets are accessible to the public from NOAA National Climatic Data
Center’s

archive

of

global

historical

weather

and

climate

data

(http://www.ncdc.noaa.gov/cdo-web/). In this study, 19 stations were used to compare
with model simulations. Hourly measurements of near-surface 2 meter temperature, 2
meter dew point temperature, wind speed and direction are reported from all stations,
along with rainfall data from 14 stations. The locations of all meteorological sites are
shown in Table 3.1.
Since limited number of ground sites is available, Tropical Rainfall Measuring
Mission (TRMM) satellite retrieved daily and monthly averaged 0.25° ×0.25° rainfall
observations (3B43, Huffman et al., 2007) are used in this study. Precipitation Radar
onboard TRMM satellite can observe the vertical structure of precipitation and thus can
be used to estimate vertical distribution of latent heat rate (°C/hour, TRMM3G31) from
0.5 km to 18 km at 0.5°×0.5° spatial resolution [Kummerow et al., 1998]. TRMM
provides valuable information related to four-dimensional distribution of latent heating
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and precipitation in the Tropics [Simpson et al., 1988], which is used to evaluate the
accuracy of model simulated rainfall and microphysical latent heat.

Table 3.1 The 19 Ground Metrological Stations Used in the Analysis over SE Asia
No.

Station Name

Country

Latitude (°)

Longitude (°)

1

KUCHING

Indonesia

1.483

110.333

2

BINTULU

Malaysia

3.2

113.033

3

SITIAWAN

Malaysia

4.217

100.7

4

LABUAN

Malaysia

5.3

115.25

5

SANDAKAN

Malaysia

5.9

118.067

6

ZAMBOANGA

Philippine

6.9

122.067

7

HAT YAI

Thailand

6.917

100.433

8

SONGKHLA

Thailand

7.2

100.617

9

TRANG

Thailand

7.517

99.617

10

PHUKET

Thailand

7.883

98.4

11

PHUKET AIRPOR

Thailand

8.132

98.317

Thailand

8.533

99.95

12

NAKHON SI
THAMMARAT

13

SURAT THANI

Thailand

9.117

99.15

14

KO-SAMUI

Thailand

9.467

100.05

15

CILACAP

Indonesia

-7.733

109.017

16

SANGKAPURA(BAWEAN)

Indonesia

-5.85

112.633

17

PADANG-TABING

Indonesia

-0.883

100.35

1.533

124.917

1.55

98.883

18
19

MENADO--SAM-

Indonesia

RATULAN
SIBOLGA-PINANGSORI

Indonesia
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3.4 The CRISP MODIS Land dataset
The Center for Remote Imaging, Sensing and Processing (CRISP) Moderate
Resolution Imaging Spectroradiometer (MODIS) derived land cover classification
datasets is used in this study, which is mainly based on a pair of 250m ~ 500m spatial
resolution land cover maps of insular Southeast Asia for years 2000 and 2010 [Figure 3.1,
Miettinen et al., 2011; 2012]. Both maps are composited from around 500 MODIS
surface reflectance image products, Shuttle Radar Topography Mission 90m version 4
digital elevation information [Jarvis et al., 2006] and several peatland distribution maps
[Selvaradjou et al., 2005; Wahyunto et al., 2006]. In Table 3.2, the description of all land
cover classes in the CRISP MODIS land data sets have been listed with corresponding
USGS land categories, while land cover maps in both years were found to provide
reliable land categories information in SE Asian MC with an overall accuracy of 83% and
85%, respectively [Miettinen et al., 2012].

Figure 3.1 Land cover distributions based on CRISP MODIS land datasets in 2000
and 2010 over the island of Borneo in SE Asia MC.
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Table 3.2 Description of land cover classes used in the CRISP MODIS data and
converted into USGS land categories
CRISP MODIS Land
cover type
Water
Mangrove
Peat swamp forest

Lowland forest
Lower montane forest
Upper montane forest

Plantation/regrowth

Lowland mosaic

Montane Mosaic

Lowland open

Montane open
Urban

Description
Natural water bodies, large-scale fisheries, and prawn
farming areas
Forest identified based on visual image interpretation
Forest growing on peat soil, and selectively logged
forests
and secondary forests that have reached similar height,
canopy structure, etc. to primary forest.
Forest growing on mineral soil in elevation less than
750m above sea level
Forest growing on mineral soil in elevation above
750m, up to 1500m above sea level
Forest growing on mineral soil in elevation above
1500m above sea level.
Large scale industrial plantations and small-holder
plantations to dense shrublands
and young secondary forests. Also include intensively
logged forests where canopy cover is regrowth.
Closed canopy vegetation and open areas in elevation
up to 750m above sea level.
Typically consists of small plantations, agricultural
fields, patches of forest and secondary forest.
Sparse/patchy shrub vegetation including young
plantations.
Same as lowland mosaic, but occurring in elevation
above 750m above sea level
Clearances and other open areas covered by seasonal
crops, remnants of original vegetation. Typically
agricultural areas, areas undergoing land cover change
or extremely degraded areas
Same as lowland open with some naturally bare areas,
but all occurring in elevation above 750m above sea
level
Urban areas

USGS
land cover type
Water

Evergreen Broadleaf
Forest (EvBrd)

Evergreen needle leaf
forest (EvNeed)
Cropland/Woodland
Mosaic (Crop/Wood
Mos)

Mixed forest
(MixedFor)

Cropland/Grassland
Mosaic
(Crop/Grass Mos)

Urban

Source and simplified from Miettinen et al., [2011, 2012]
By further comparing the forest/no-forest cover statistics for year 2000 and 2010,
patterns of land use change type in 2000s has been quantitatively assessed in Table 3.3.
In total, 11.1 million ha (9.9%) forests area has been cleared for plantation or agriculture

20

purpose in SE Asia MC from 2000 to 2010. As a basic source of income for many
farmers in the region, large scale of oil palm plantations has been expanded to 89.3 mha
(3.8% of total land area) in 2010 through unchecked forest destruction. Accordingly, the
peat swamp forests with large carbon storage has even shown 2.2% yearly decline in
forest area. Large decrease in area of vegetation cover in 2000s has been identified over
both lowland (< 750m) and montane region (>750m), along with apparent increase in
land area due to cropland plantation, urbanization, and natural regrowth in logged forest
area.
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Table 3.3 The area covered by major land use classes in the model domain for two differing simulations
Classification
Forest

2000

2010

Change 2010 – 2000

1000ha

% of total land

1000ha

% of total land

1000ha

% of 2000

%/year

Mangrove

2706

1.2

2367

1.1

-339

-12.5

-1.3

Peat swamp forest

13970

5.8

11214

4.7

-2756

-19.7

-2.2

Lowland evergreen forest

70889

30.4

63020

27.0

-7869

-11.1

-1.2

Lower Montane forest

18397

8.0

18019

7.8

-378

-2.1

-0.2

Upper montane forest

6574

2.8

6814

2.9

240

3.6

0.4

112536

51.2

101434

46.1

-11102

-9.9

-1.0

1000ha

% of total land

1000ha

% of total land

1000ha

%

%/year

Plantation/regrowth

55655

23.9

60327

25.9

4672

8.4

0.8

Lowland Mosaic

37293

16.0

32855

14.1

-4438

-12.0

-1.2

Montane Mosaic

3232

1.4

2520

1.1

-712

-22.0

-2.2

Lowland open

21753

9.4

23871

10.4

2118

9.7

1.0

Montane open

1886

0.8

1921

0.8

35

1.9

0.2

Urban

662

0.3

838

0.4

176

26.6

2.7

0

0

89309

3.9

89309

-

-

Total Forest area
Non-forest

Large-scale Palm Plantation

22

3.5 Weather Research Forecasting Model Set Up
The Advanced Research WRF [ARW; version 3.7.1; Skamarock et al., 2009]
employed in this study is a fully compressible non-hydrostatic mesoscale model (with
hydrostatic option). WRF-ARW model uses two-way nesting with Arakawa C-grid
staggering grid in the Eulerian mass-based terrain-following coordinate. It is suitable for
broad applications across multiple spatial scales ranging from meters to thousands of
kilometers, which makes it useful for large eddy to regional and global climate
simulations. Multiple options for cumulus (Cu), planetary boundary Layer (PBL),
microphysics (MP) and radiative (RAD) parameterization of varying sophistication are
available. Land surface (LSM) physical options are also available in WRF to represent
key land-atmosphere processes.
In order to allow for better parameterizations of land surface properties, CRISP
MODIS land datasets and satellite observations of NDVI (MOD13A2, MYD13A2) and
LAI (MOD15 and MYD15) from the MODIS on board Terra and Aqua are utilized to
update the default land characterizations and vegetation characteristics (e.g. vegetation
fraction and LAI) in the model. It can be also seen in Figure 3.2 that the CRISP MODIS
land dataset (Figure 3.2c) with detailed changes in vegetation types is more consistent
with MODIS retrieved LST (Figure 3.2d), NDVI (Figure 3.2e), and LAI (Figure 3.2f)
than default USGS and MODIS land data (Figure 3.2a and 3.2b) built in the WRF model
which cannot reflect the realistic land surface conditions of the 2000s over Southeast
Asia. Transitions from ever-green forests to mixed crop land or mixed forests have been
clearly shown in CRISP MODIS land datasets (Figure 2c), which is consistent with the
tropical deforestation observations over the whole domain. MODIS NDVI has been first
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Figure 3.2 Land characterization and parameterization over model grid 4 during
August, 2009 (a) Model default USGS land type dataset (b) default MODIS land
type dataset (MCD12Q1) (c) CRISP MODIS land type dataset for 2010. (d) MODIS
1km Land Surface Temperature (MOD11 and MYD11), (e) MODIS 1km Vegetation
Index (MOD13 and MYD13), (f) MODIS 1km Leaf Area Index (MOD15 and
MYD15), (g) Model defaulted Vegetation Fraction (VF), (h) MODIS NDVI modified
Vegetation Fraction, (i) Model defaulted LAI based on CRISP land data set.
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collocated according to each CRISP MODIS land type data, thus the maximum and
minimum NDVI for each land type can be obtained. The vegetation fraction for each land
type was then calculated based on the equation below [Gutman and Ignatov et al., 1998]:
ܸ݁݃݁݊݅ݐܿܽݎܨ݊݅ݐܽݐூ ൌ

ܰܫܸܦூ െ ܰܫܸܦூǡ
ൈ ͳͲͲΨ ǥ ǥ ሺͳሻ
ܰܫܸܦூǡ௫ െ ܰܫܸܦூǡ

Where I represents the label of each land type.

Both model defaulted and satellite updated LAI and Vegetation Fraction are compared
from Figure 3.2f to Figure 3.2i. Distinct spatial features associated with different
vegetation cover in model grids can be seen in Figure 3.2f and 3.2h, which indicates
better representation of land parameterizations from MODIS observations than vegetation
characteristics from default look-up-tables in the model.

3.6 Model Configuration and Experiments
The primary goal of this study is to qualify the sensitivities of regional scale
physical processes to LULC change and parameterizations, and gain an understanding of
biogeophysical effects of LULC change on regional climate over SE Asia MC. An
analysis of uncertainties associated with characterizations and parameterization of land
surface in the model is also of interest. This is achieved by conducting sensitivity analysis
of series experiments includes 24 simulations designed to test the sensitivity of landatmosphere interaction and hydrological balance to combinations of two Cu, three PBL,
and two LSM physical schemes with or without updated realistic land types from CRISP
land datasets. Table 3.4 summarizes the major characteristics of used parameterizations
in this study.
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Table 3.4 Summary of parameterization schemes used in this study.
Common parameterizations for all simulations
Shortwave/Longwave Radiation Schemes
RRTMG Mlawer (1997)
New version of RRTM with MCICA method of random cloud overlap. For major trace gases, CO2 = 379e-6, N2O=319e-9 and CH4 = 1774e-9
Microphysics schemes
New Thompson et al. scheme Thompson, Field, Rasmussen and Hall [2008, MWR]
A scheme with rain, ice, snow and graupel processes suitable for high-resolution simulations. Rain number concentrations are added.
Parameterizations for ensemble members
Cumulus Schemes
Cu1: Kain-Fritsch (KF, Kain 2004)
Cu2: Grell 3D ensemble (GD: Grell, 1993; Grell and Devenyi, 2002)
Deep and shallow convection sub-grid scheme using a mass flux
approach with downdrafts and CAPE removal time scale
Planetary Boundary Layer Schemes
PBL1: Yonsei University Scheme
(YSU, Hong et al., 2006)
Non-local-K scheme with explicit entrainment layer
and parabolic K profile in unstable mixed layer

Improved version of the Grell-Devenyi ensemble scheme with multiclosure, multi-parameter, ensemble method with 144 sub-grid
members.

PBL2: Mellor-Yamada-Janjic Scheme
(MYJ)
Eta operational scheme. One-dimensional
prognostic turbulent kinetic energy scheme
with local vertical mixing

PBL3: ACM2, (Pleim 2007)
Asymmetrical Convective Model
Version 2 with non-local upward
mixing and local downward mixing

Land Surface Schemes
LSM1: Noah Land Surface Model (Noah, Mitchell and Jones, 2005)
Unified NCEP/NCAR/AFWA scheme with soil temperature and moisture in
four layers, fractional snow cover and frozen soil physics.
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LSM2: Pleim-Xiu Land Surface Model (PLX, Pleim and Xiu,
2003)
Two-layer scheme with vegetation and sub-grid tiling. Grid
aggregate vegetation and soil parameters are derived from
fractional coverage of land use categories and soil texture types.

The overall design of the simulations is summarized on Table 3.5. Two sets of
experiments (named CTRL and LULC include 12 ensemble simulations for each) will
first be compared with against surface observations and satellite observations of
meteorological conditions, a few vertical tropospheric profiles (radiosonde), cloudiness
and precipitation. Once we find out the best regional WRF configuration for Cu, PBL,
and LSM schemes, An experiment (named LULC2010) with optimal physical
parameterization will be performed to evaluate the performance of improved vegetation
characteristics (e.g. LAI and VF) in WRF simulations over the study period by
comparing LULC2010 with LULC. In order to examine the climatic effects due to LULC
change during a 10 year period, the LULC2000 and LULC2010 Experiments are then
compared by assuming land use scenarios from CRISP MODIS 2000 and 2010 data sets.
The WRF simulation based on 2010 CRISP MODIS land scenario is assumed to be the
correct vegetation coverage and is compared with 2000 land scenario to assess the
climatic effects due to realistic land use change over the domain. The sensitivity of
climatic variables (e.g. monthly averaged 2 meter temperatures, relative humidity, and
total precipitation) to changes in domain averaged deforestation rate are further examined
by comparing two more idealized experiments (DEF and REF in Table 3.4) with
LULC2010 and LULC2000 simulations in this study.
The experiments utilized in this study use a hierarchy of four nested grids (Table
3.6), with the outermost grid of 64km grid spacing covering a domain that includes a
substantial portion of Southeast Asia maritime continents (Figure3.3). Three interior
nested grids of 1:4 spacing ratio with respect to parent grid zoom in on the Southeast
Asian maritime continents centred over Sarawak coast. The simulation period selected for
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analysis was from August 1st, 2009 to September 1st, 2009 and the month of July was
used as the model spin-up for soil moisture, but was not included in the analysis. The
year 2009 is selected since it is the strongest El Nino year closest to the available land use
datasets, which provide a classic drier season month to reduce the synoptic or global
scale climatic impacts.

Table 3.5 Description of the Numerical Experiments Utilized in This Study
Experiment Name

Description
12 ensemble WRF simulations over the August month, 2009 based on

CTRL
default USGS land use datasets.
Same as CTRL except for updating 2010 land map in CRISP MODIS land
LULC
datasets
Same as LULC except for updating 2010 land map in CRISP MODIS
LULC2010
land datasets and integrating VF and LST based on MODIS observations
Same as LULC2010 except for updating 2000 land map in CRISP
LULC2000
MODIS land datasets.
Same as LULC, but all evergreen and deciduous forests as well as wooded
DEF

grassland areas are converted to crop land representing extreme
deforestation condition.
Same as LULC, but all land types including crop land or urban are

REF

replaced by evergreen forests to represent complete reforestation
condition.
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Figure 3.3 Topography of SE Asian Maritime Continents with model grid domains
and site locations used for analysis of meteorological conditions.
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In all of the experiments utilized in this study, WRF was integrated for 24 hours
starting from initial atmospheric conditions specified using Global Forecast System
(GFS-ANL) three-dimensional 1°×1° grid analysis of wind, temperature, and moisture
fields at 12 UTC (8 pm local stand time). The lateral boundaries and the model top are
constrained by nudging it toward conditions consistent with the temporally varying GFS
analysis fields available every 6 h. The soil moisture conditions in the WRF experiments
are initialized from GFS analysis only once, at 12 UTC of 1 July 2009. Thus, unlike the
atmospheric conditions that are reinitialized every 24h, soil moisture is allowed to
continuously evolve in all experiments during both model spin-up and the selected study
period. This approach retains the evolution of finer-scale features of land boundary
conditions that have a longer memory compared to atmospheric conditions. This type of
experimental design has been proved to be efficient in understanding climatic impacts
due to tropical deforestation over Austria and mountain Kilimanjaro in East Africa [Nair
et al., 2007; Fairman et al., 2011]. Since the only difference between the LULC1 and
LULC2 experiments is the CRISP MODIS land dataset along with satellite observed land
properties, this study provides an excellent opportunity to investigate how realistic LULC
change over a 10 year period impacts tropical climate over maritime SE Asia MC.
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Table 3.6 WRF Model Configuration for All of the Experiments
Configuration

Grid 1

Grid 2

Grid 3

Grid 4

NX ´ NY

61´41

65´65

81´81

105´105

DX/DY (km)

64

16

4

1

NZ

56

56

56

56

240
240
240
240
DT (s)
Center
2.7°N,111.7°E 2.7°N,111.7°E 2.7°N,111.7°E 2.7°N,111.7°E
latitude/longitude
Lateral and Surface
Global Forecast System (GFS-ANL) reanalysis
forcing
SW/LW radiation RRTMG/RRTMG scheme [Mlawer, 1997]; Dudhia-rrtm; Fu-LiouGu scheme
schemes
Boundary
YSU scheme ; MYJ scheme ; ACM2 PBL
conditions
Kain-Fritsch (new Eta) scheme ;
cumulus
None
Grell-3D
parameterization
Minutes btw
20
4
cumulus physics
calls
Pressure top used in
5000 Pa
the model
MM5 Monin-Obukhov (Janjic Eta) scheme
surface layer
unified Noah land-surface model [Mitchell and Jones, 2005];
land-surface option
Pleim-Xiu [Pleim and Xiu 2003]
New Thompson et al. scheme Thompson, Field, Rasmussen and
Microphysics
Hall [2008, MWR]
4/2
4/2
4/2
4/2
Soil levels
Vegetation patches

1

1
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Chapter Four

ASSESSMENT OF UNCERTAINTIES IN SIMULATING REGIONAL
CLIMATE OF SOUTHEAST ASIA MARITIME CONTINENT:
SENSITIVITY TO PHYSICAL PARAMETERIZATION AND LAND
CHARACTERIZATION IN MODEL SIMULATIONS

This Chapter utilizes the Advanced Weather Research and Forecasting model
(WRF) to examine the uncertainties in simulating the impacts of land-atmosphere
interaction over SE Asia maritime continent (MC) on regional cloud formation and
precipitation during boreal summer 2009. A set of experiments with different
combinations of physical parameterization packages including cumulus (CU), planetary
boundary Layer (PBL), and land surface (LSM) schemes are tested along with updating
accurate land use characterization from satellite datasets. The designed simulated surface
conditions, vertical profiles of temperatures and moisture, precipitation and cloud fields
are further compared with both ground meteorological networks and satellite
observations. The objective of the analysis presented here is to specify the weight of the
tested physical parameterizations on regional climate, particularly rain fall and cloud
fields, to determine the best physical options for studying the atmospheric activities in
response to LULC variations over SE Asia MC and to qualify associated uncertainties
based on model and observation comparisons.
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4.1 Introduction
During the last decade, significant changes in land use and land cover (LULC)
from peat swamp forest to oil palm plantation, open lowland, and lowland mosaic
categories over Southeast Asia (SE Asia) can be found based on The Center for Remote
Imaging, Sensing and Processing (CRISP) MODIS derived land cover classification data
(Figure 4.1). This transition can also be shown by a decrease of Normalized Difference
Vegetation Index (NDVI) and Leaf Area Index (LAI), along with an increase of Land
Surface Temperature (LST) from satellite observations during this time period (e.g.
MODIS on board Terra and Aqua), which is indicative of a sharp decrease in natural
vegetation for this region. Replacement of peat swamp forests by agriculture land (e.g. oil
palm plantation) has increased surface albedo, reduced surface roughness length, LAI and
root depth of the vegetation (reduced access to ground water) [Hockman, 2009; Boehm et
al., 2013]. Modeling studies demonstrate that these biogeophysical feedbacks of LULC
changes companied with extensive deforestation and urbanization can produce a negative
radiative forcing due to the surface albedo increase and evapotranspiration decrease
[Vaden Broucke et al., 2015; Salazar et al., 2015; Bell et al., 2015]. Observations also
indicate that LULC change can lead to reduced rainfall and cloud formation, and
enhanced shortwave radiative forcing and temperature in both developing and developed
regions i.e. Asia, North and South America [Hale et al., 2008; Zhang et al., 2009; Fall et
al., 2010; Ge et al., 2010]. It is of primary interest to acquire modeling results consistent
with observations to identify land use change effects on the weather and climate patterns,
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which is crucial for a better understanding and mitigation of anthropogenic climate
change.

Figure 4.1 Location of the study area (a) Topography of SE Asian Maritime
Continents along with NOGAPS winds at 850hp averaged over the month with
model grid domains. Blue, grid1; Green, grid2; Orange, grid3; Red, grid4. Also
noted are sites used for analysis of surface meteorological conditions (b) 2000 and
(c) 2010 Land use change scenarios from CRISP MODIS land dataset for model
grid 3. Labels denote mainland use classes.
In recent decades, research efforts have focused on quantifying LULC changes
caused alterations of temperature trends [e.g. Fall et al., 2010; Hu and Dong, 2010],
regional radiative forcing [e.g. Davin et al., 2007; Campra et al., 2008; Zhai et al., 2014],
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cloud formation and precipitation [e.g. Takahashi et al., 2010; Fairman et al., 2011; Nair
et al., 2011], atmospheric circulations [e.g. Jonko et al., 2010; Lee et al., 2011], and
planetary boundary layer [PBL, e.g. Adegoke et al., 2007; Mahmood et al., 2011].
Despite the progress of previous modeling works, recent studies have emphasized large
uncertainties in numerical model simulations can be produced from unsuitable physical
parameterizations and land cover misrepresentation [Suarez et al., 2013; Meynadier et al.,
2015; Gomez et al., 2015; Santos-Alamillos et al., 2015]. Regional climate models such
as the non-hydrostatic regional Weather Research and Forecasting [WRF, Skamarock et
al., 2008] with higher spatio-temporal resolution than global models provide valuable
opportunity to improve our understanding about model’s biases or difficulties in tropical
regions with geographical, meteorological and hydrological complexity [Meynadier et al.,
2015]. Sensitivity tests of WRF physical parameterizations, including cumulus (CU),
planetary boundary layer (PBL), microphysics (MP), radiation (RAD) and Land surface
model (LSM), have been widely performed over the Africa and South America in recent
years [Flaounas et al., 2011; Pohl et al., 2011; Cretat et al., 2012; Patricola et al., 2012;
Hagos et al., 2014; Meynadier et al., 2015]. Both Falounas et al. [2011] and Patricola et
al. [2012] concluded that precipitations along with weak trade wind biases from WRF
simulations over the Amazon and Congo basins were major controlled by the RAD
scheme. Furthermore, the relative importance of CU, MP and RAD parameterizations are
also emphasized in order to get realistic convective rainfall over tropical area [Cretat et
al., 2012; Meynadier et al., 2015]. PBL schemes are found to impact the vertical profiles
of temperature and humidity, surface wind pattern and low level precipitations [Flaounas
et al., 2011; Meynadier et al., 2015]. By performing a set of regional model simulations
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with combinations of LSM and CU parameterizations during onset African monsoon
period, Hagoes et al. [2014] assessed that large uncertainties in simulated precipitations
are associated with the sensitivity of evaporation along with surface temperature to soil
moisture in LSM schemes.
In spite of analyzing the effects of physical options on model performance, there
are still challenges associated with improved characterization and parameterization of
land surfaces in models such that the land – atmosphere interactions can be modeled
more realistically [Mahmood et al., 2014]. Ge et al. [2007] assessed the significant effects
of land cover accuracy on model simulated accumulated precipitation over a range of
simulated land classification accuracies over a 3 month period. Nonetheless, these effects
can be further enhanced when the land surface boundary have greater control on
overlaying atmosphere. Tao et al. [2013] estimated the influence of land cover
parameterizations on several meteorological variables from a week long WRF simulation
over the USA based on three commonly used satellite derived land cover datasets such as
US Geological Survery [USGS, Loveland et al., 2000], University of Maryland [UMD,
Hansen et al., 2000], and Moderate Resolution Imaging Spectroradiometer [MODIS,
Friedl et al., 2002]. Variations of WRF climate variables are found to be associated with
the different land cover properties among those datasets. Suarez et al. [2013] showed that
precipitation and planetary boundary layer variables were great sensitive to the variations
of soil moisture conditions. Santos-Alamilos et al. [2015] also demonstrated that the
accurate representation of land use parameterizations in the WRF model simulation can
provide considerable improvement in the wind-speed estimation.
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Most WRF physical packages and land datasets tested in previous works are
mainly focused on tropical regions over Africa and South America. Few studies have
involved the combined effects of physical parameterizations and land characteristics on
the uncertainties of model simulations. Our present study is a first attempt to qualify the
ability of WRF to simulate biogeophysical feedbacks of realistic tropical deforestations to
regional climate over SE Asia maritime continents (MC) during boreal summer monsoon
period. The objective is to determine what are the best physical options for studying the
atmospheric activities in response to LULC variations over SE Asia MC, and to what
extent realistic and accurate land cover data can produce improved climate simulations.
This paper will therefore explore uncertainties of model simulations based on various
combinations of Cu, PBL, and LSM parameterization schemes, and their sensitivity to the
updated land datasets with better representations. Both ground and satellite observations
will be utilized to compare with simulations. The model performance is evaluated
according to the correct representation of the surface meteorological conditions (e.g.
temperature and moisture), vertical profiles of temperature and moisture, precipitation,
and cloud developments.
We begin in Section 4.2 with data and method. In Section 4.3, we evaluate the
ability of the model to represent observations depending on the different physical
schemes and updated land datasets. The summary and conclusions are shown in Section
4.

4.2 Data and Methodology
This study evaluates the regional non-hydrostatic WRF model performance that
best represents the atmospheric response to LULC variations with respect to the surface
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meteorological data, vertical profiles of temperature and moisture, cloud formations and
precipitations. A combination of in-situ ground observations and satellite datasets are
used to evaluate the performance of model simulations, and their descriptions are given in
chapter 3.
We perform 12 CTRL and 12 LULC simulations based on WRF USGS defaulted
and CRISP MODIS land datasets, which are corresponding to different combinations of 2
CU, 3 PBL, and 2 LSM schemes in WRF. A detailed description of WRF, the model
configuration used in this study, CRISP MODIS land data sets and all experiments
designed during the selected period can be seen in Chapter 3.

4.3 Results and Discussion
In this section, we consider the capability of WRF in simulating surface climate
variables, vertical profiles, rainfalls and cloud fields. The uncertainties of model
simulations are evaluated by 1) comparing the model simulated surface meteorology and
observations at meteorological stations over SE Asia; 2) comparing the model simulated
vertical profiles of temperatures, moistures, and heating rate with radiosonde
observations; 3) comparing the model simulated precipitation to both surface and TRMM
satellite observations, and 4) comparing the model simulated cloud fields against Multifunctional Transport SATellite (MTSAT) observations.

4.3.1 Comparisons of Surface Temperature, Dew Point and Wind.
To evaluate WRF simulated surface meteorological conditions, we first utilize a
statistical approach to calculate the standard bias and root mean square errors (RMSE)
between model simulated 2 meter temperature, dew point, and winds from 12 ensembles
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CTRL experiments against ground observations [red solid lines in Figure 4.2, Zhong and
Fast, 2003; Fairman et al., 2011], overlaid with same statistics for model simulations
without updating atmospheric conditions every 24 hours (black dash lines in Figure 4.2).
There are 22 stations in total with observations sufficient for statistical analysis that exists
within the domain covered by the model grids during selected period. The statistical
approach compares hourly surface meteorological observations from grid G1 (64 km grid
spacing) to maximize the number of observations available for the analysis. It can be seen
in Figure 4.2 that magnitudes of bias and RMSE of 2 meter temperature, dew point, and
winds have been apparently reduced from updating atmospheric conditions every 24
hours, since the model can be reinitialized with more realistic atmospheric and land
datasets every day instead of updating lateral boundary condition alone. Both bias and
RMSE for surface and dew point temperature comparisons show a pattern of decreasing
trend in each day, while the lowest values of bias occurring toward the end of the
simulation every 24 hours. For example, a large bias and RMSE of temperature were seen
in excess of 1.0 °K and 3.0 °K during the early hours of the experiment, then approached
0 °K and 1.0 °K toward the end of each 24 hours simulation (Red lines in Figure 3a and
Figure 3b). A previous study has also shown reductions of uncertainties in the end of
simulations for surface meteorological variables, which can be associated with the
adjustment of the coarse grid spacing atmospheric conditions from the GFS-ANL
analysis that is used to initialize the WRF simulations [Fairman et al., 2011]. The
improvements in the daytime WRF simulated surface temperature is related to the
atmospheric and surface conditions adjusting to finer resolutions than those resolved in
the National Centers for Environmental Prediction global model used to generate the GFS
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Figure 4.2 Temporal variations of (a) RMSE and (b) bias for 2m temperature, 2m
dew point temperature, and, wind speed following methods of Zhong and Fast
[2003]. The locations of all 22 meteorological sites used in this analysis are shown in
Table 3.2. Red and black lines represent model simulations from 12 ensemble CTRL
experiments with and without updating atmospheric conditions every 24 hours.
analysis. The substantial biases in night time simulations can be explained by the
enhanced sensitivity of nocturnal boundary layer to land surface characteristics, where
any local differences in surface conditions would increase the errors in meteorological
variables simulations [Nair et al., 2011; Vanden Broucke et al., 2015]. Vanden Broucke
et al., [2015] assessed the serious underestimations of night cooling in nocturnal
boundary layer due to misrepresenting downwelling longwave radiation due to

40

deforestation. This surface longwave radiative forcing can be modulated based on the
variations of soil moistures [Nair et al., 2011].
In order to capture the pattern similarity between model simulations and
observations, the statistical results of the variability of hourly 2 meter temperature, dew
point, and 10 meter wind speed obtained from the different CTRL and LULC
experiments compared with ground observations over the domain are shown in the Taylor
diagram (Figure 4.3), which provides a graphical summary of how well patterns in model
simulated fields match with observations based on their correlations, standard deviations,
and root-mean-square (RMS) errors [Taylor, 2001]. The reference data set is plotted as a
black point along the abscissa (Figure 4.3). The azimuthal position of model data is
determined by the correlation coefficient between observation and model data set, while
the radial distances of reference and model data points from the origin are given by the
magnitude of their standard deviations. The centered RMS error is determined by the
distance between points representing the observed and the model data. Those model
experimental results with lower RMS error (closer to reference data point) imply a
relatively better performance. It can be seen in Figure 4.3a, LULC experiments (red color
points) with distinct geographical variations have the higher ability to simulate phase and
amplitude of 2 meter temperature than CONTROL experiments (blue color points). The
more sophisticated Noah LSM scheme (filled points) with four layers of soil temperatures
and moisture are much more sensitive to LULC changes in simulating surface
temperature than simple PLX LSM with two-layer vegetation schemes [Xiu and Pleim
2001]. The sensitivity of the simulated near surface temperature is directly determined
by different land surface fluxes, especially sensible heat flux, and can be affected by soil
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moisture and temperature predication in various land surface schemes, although the
atmospheric circulation are also important in temperature changes [Zeng et al., 2015].
Lower sensitivity to LULC variations for simulating surface moisture and wind speed are
found in grid1 with coarse resolution (64km ×64km). In Figure 4.3b, lower correlations
between simulated and observed dew point temperatures can be found to show model’s
weakness in simulating near surface moisture over the land. Nevertheless, the pattern of
surface moisture closer to observations (with lower center RMS difference) can be seen
among experiments with non-local YSU and ACM2 PBL schemes than those with local
MYJ PBL scheme, which can be associated with enhanced turbulence in non-local PBL
schemes [Banks et al., 2016]. Previous study has shown that nonlocal closure schemes
used multiple vertical levels within the PBL to determine variables at a given point can
show more strength in determining boundary layer temperatures and moistures than local
closure schemes which only considering those vertical levels directly adjacent to the
given point [Banks et al., 2015; 2016; Cohen et al., 2015]. Due to the high variations in
space, the observed surface wind are poorly simulated by both CTRL and LULC
experiments with various physical parameterizations in grid1 (Figure 4.3c). GrossmanClarke et al., 2010 found the weakness of WRF in capturing peak average wind speeds (>
7m/s) over urban stations, which is also shown by the underestimations in Figure 3b.
Recent study has also reported the tendency of WRF to overestimate surface wind speed
for rural stations due to misrepresenting land surface roughness [Santos-Alamillos et al.,
2015].
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Figure 4.3 Taylor Diagrams illustrating the statistical results of different experiments based on combinations of various WRF
parameterization and configurations (See Table 3.4 and text) compared with hourly ground meteorological observations (a) 2
meter temperature; (b) 2 meter dewpoint temperature; and (c) 10 meter surface wind. All symbols are positioned to make
their standard deviations as the radial distance from the origin, their correlation coefficient between simulated and observed
variables is the cosine of the azimuthal angle, and their centered root-mean-square (RMS) differences is the distance to the
filled black circle on the abscissa.
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4.3.2 Small scale vertical profiles of temperature and humidity comparison
To assess the capability of WRF to simulate the vertical profiles of temperature
and moisture at local scale, the comparisons of monthly averaged vertical profiles of the
temperature, dew point and mixing ratio based on observations from two radiosonde sites
and model simulations from the closest grid among various CTRL experiments are shown
in Figure 4.4 (0 UTC) and Figure 4.5 (12UTC). Compared to the radiosonde data, the
vertical profiles of temperature and humidity are generally well represented in all
experiments, nonetheless, relative lower biases can be found among simulated
temperatures than those among simulated moistures (including both dew points and
mixing ratio). Most of runs exhibit more than 1°C positive bias in surface temperature at
0 UTC (8am local time) which is consistent with statistical overestimations in 2 meter
temperature during day time averaged over the outer gird in Figure 4.4b and 4.4e. For
both coastal grid sites (Kuching and Bintulu; see two site points at orange line box in
Figure 1), apparent negative temperature biases for most experiments were found in day
time planet boundary layer (below 3km) between -0.5 to -1.0 °C corresponding to
overestimations of mixing ratio in the same level (Figure 4.4c and 4.4f). The
correspondence between negative bias in temperature and positive bias in mixing ratio
indicates a weaker sensible heat transfer with positive biases of upward moisture transfer
from modified latent heat flux in model parameterizations [Cretat et al., 2012; Meynadier
et al., 2015]. Warm upper-tropospheric temperature biases from 1.0 to 2.0 °C are shown
in Figure 4.4 b and e, which is strongly influenced by CU schemes, particularly with
weak convections estimations [Meynadier et al., 2015]. In general, convergent solutions
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of day time temperature and humidity (less than 0.3°C and 0.5 g/kg among experiments)
are provided by various combinations of CU, PBL and LSM parameterizations that are
fairly close to radiosonde measurements (Figure 4.4 c and f). On the contrary, divergent
behavior of WRF physics in temperature and humidity simulations at 12 UTC (8pm local
time) can be found at both coastal sites (Figure 4.5). The boundary layer temperatures
and humidity biases are sensitive to various combinations of LSM and PBL schemes,
which can be explained by the enhanced sensitivity of nocturnal boundary layer to land
surface parameterizations [Nair et al., 2011; Vanden Broucke et al., 2015]. Large
moisture biases especially those mixing ratio near the surface can be seen among CTRL
experiments 1-6 with Noah LSM than those results from PLX LSM [Figure 4f]. This
implies that higher sensitivity of near surface humidity to surface parameterizations with
more moistures transfer between land and atmosphere [Zeng et al., 2015]. Although more
sophisticated LSM schemes can improve surface air temperature and moisture
simulations, previous studies also emphasized the importance of land characterizations
with accurate moisture and vegetation information [Jin et al., 2010; Zeng et al., 2015].
The averaged biases among the comparisons of all experiments and radiosonde
observations can be seen in the table below:
Table 0.1 Statistics of vertical profiles of temperature and mixing ratio between
ensemble WRF simulations and radiosonde observations in grid3. Performance
indicators: mean bias and standard deviations of errors of all CTRL experiments,
and the range of RMSE.
Variable

Time Mean Bias
0 UTC
0.27
Temperature (°C)
12 UTC -0.20
0 UTC
0.55
Mixing Ratio (g/kg)
12 UTC -0.12
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(Stdev)
(0.07)
(0.12)
(0.03)
(0.06)

RMSE
1.15 ~ 1.28
0.79 ~ 0.91
0.96 ~ 1.05
0.35 ~ 0.72

Figure 4.4 (a) monthly averaged vertical profiles of model (dashed) and observed (solid) temperatures and dew point
temperatures for Kuching radiosonde stations at 0 UTC; Vertical mean biases of (b) temperature and (c) mixing
ratio between model and observations for Kuching radiosonde stations at 0UTC. (d), (c) and (e) are the same as in (a),
(b) and (c), but for Bintulu at 0 UTC. Grey envelope is standard deviation of WRF experiments minus obs profiles.
Insets figures are the box plot for errors of model simulated temperature (°C) and mixing ratio, respectively (g/kg).
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Figure 4.5 Same as Figure 4.4, but for comparisons between model simulations and observations at 12 UTC.
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4.3.3 Surface Rainfall Comparison
In this section, numerical model-simulated accumulated precipitation (Figure
4.6a) is compared to the TRMM measurement over the study area (Figure 4.6b), and all
14 available stations in the study area report rainfall observations (Table 3.1 and Figure
4.6c). Although the coarse spatial resolution of TRMM 3B43 precipitation product
(0.25°´0.25°) does not resolve the fine scale rainfall patterns over inner grids, it can
provide information on larger-scale spatial patterns and complements the insufficient
ground sites [Fairman et al., 2011]. Comparison of the simulated accumulated
precipitation from ensemble all CTRL experiments to TRMM and surface observations
(Figure4.6) in the outermost grid show considerable consistent spatial patterns of
precipitation, such as local maximum in the west coast of peninsular Malaysia and the
north coast of the island of Borneo (Around 450 ~ 500 mm/month). Along the west coast
of Sumatra Island, the control simulation underestimates precipitation over the ocean in
about 10% compared to satellite observations. Model overestimations are mainly found
over the land area such as northern part of the island of Borneo and Philippine islands. In
Zamboanga (Philippines), surface observation shows 100 mm of accumulated
precipitation for the study period, whereas the numerical model-simulated value is in
excess of 300 mm. The bias for model simulated rainfall compared to ground-based
observations varies from -7.2 mm/day to 6.1 mm/day and the majority of the surface
stations fall within ±10% error. Sufficient ground-based observations or satellite-derived
rainfall estimates with adequate spatial resolution for evaluating the model-simulated
precipitation patterns in the innermost grid (1km spacing grid) are not readily available in
our domain.
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Figure 4.6 (a) WRF G1 (64 km spacing) total monthly precipitation based on 12 ensemble CTRL experiments (b) monthly
precipitation from the TRMM sensor (0.25°*0.25° resolution) and (c) monthly total precipitation at 14 available observation
sites within the G1 domain. The number of the site has been listed and the color of the dots indicated the amount of month
averaged precipitations. Comparisons between model and ground observations have been shown in the inset with 10% error
lines (dash lines).
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It is always challenging to simulate the convective precipitation in the vicinity of
the ITCZ [Meynadier et al., 2015]. By comparing errors from 12 CTRL experiments
based on combinations of various WRF parameterizations with TRMM observations,
large uncertainties with model simulated precipitation in grid 2 (16km space resolution)
are associated with cumulus parameterization in the model (Figure 4.7). The cumulus
parameterization is responsible for representing subgrid-scale convective release by
accounting for vertical instability from latent heating and atmospheric moisture
perturbations and restabilizing the atmosphere in the form of precipitation[Takahashi et
al., 2010; Cre´tat et al., 2012; Meynadier et al., 2015]. In Figure 4.7b, larger positive
biases of monthly total rainfall can be seen from CTRL experiments with KF scheme
[Kain, 2004] than GD cumulus scheme [Grell and Devenyi, 2002]. Previous studies have
indicate that KF scheme is very sensitive to low-level dynamics with strength on
capturing heavier rainfall than other convective parameterizations [Pattanaik et al., 2011;
Chotamonsak et al., 2012]. This is the reason for the lower bias in simulating the
maximum rainfall over the ocean near the coast region among all experiments with KF
scheme (Expr 1-3 and Expr 7-9). However, most of those runs produce too strong
precipitations over continent and thus reduce the performance in rainfall simulations by
reducing the averaged RMSE to above 100 mm/month. xperiments with Grell 3D
parameterization capture most rainfall pattern over both land and ocean region with low
bias of monthly simulated rainfall between -50 and 50 mm/month and small RMSE under
90mm/month, especially when combining with non-local PBL schemes (e.g. YSU and
ACM2, Figure 4.7b). The major differences between GD and KF schemes are their
trigger mechanism and threshold permitting convection [Meynadier et al., 2015].
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Figure 4.7 Comparisons of monthly rainfall between satellite observations and model simulations (a) TRMM sensor
observations (0.25°×0.25°); (b) Box plot for biases of model simulated monthly total rainfall over grid 2, box encloses the
interquartile range from 25% to 75% points, while the whiskers extend out to the maximum or minimum biases in the grid
2; and (c) the spatial distributions of errors from 12 CTRL experiments based on combinations of various WRF
parameterizations (See Table 3.4 and text) with RMSE numbers.
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Nonetheless, experiments with GD scheme are also shown to be frequently triggered by
low level dynamics, which can produce rainfall peak over tropical continent not present
in satellite data [Flaounas et al., 2011; Meynadier et al., 2015]. However, this peak results
in forming strong accumulated precipitation over SE Asian continent was seen by
Chotamonsak et al., [2012]. In order to explain the overestimations of rainfall over land
among all CU schemes used in this study, the contribution of convective rainfall from
model simulations are compared against TRMM sensor observation (0.5°×0.5° space
resolution). In Figure 4.8, comparing with the satellite observations, higher convective
rainfall contributions are simulated by all experiments with regional averaged percentage
above 80%, and even higher percentage over continent. Only GD scheme captured the
contribution patterns of convective precipitation over the ocean in the north of the grid2.
By comparing with 24 hour rain gauge observations, Chen et al. [2013] has indicated that
the latest version of TRMM satellite observations have strength on estimating the
intensity of tropical heavy rain over ocean, but show weakness on observing convective
rain over land. Combined-sensor precipitations have also shown that the increase in
probability of TRMM to underestimate heavy rainfall over the region with frequent
convections [Huffman et al., 2007]. This can be the reason for good agreement between
model simulation and ground observation in Figure 4.6c.

Overall, according to

parameterization tests in this study, CU schemes have larger influence on precipitations
than PBL schemes, while the change of LSM scheme in WRF does not significantly
change the simulations of spatial distribution of monthly total rainfall. Experiment 6 with
GD cumulus scheme, ACM2 PBL scheme and Noah LSM shows the best performance to
simulate precipitation in grid2 with lowest RMSE at 59.1 mm/month or 2.0 mm/day.
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Figure 4.8 Comparisons of percentage of convective rainfall between satellite observations and model simulations (a) from
TRMM sensor observation (0.5°×0.5°) and (b) from 12 CTRL experiments based on combinations of various WRF
parameterizations (See Table 3.4 and text) with regional averaged percentage of convective precipitations.
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Moreover, the model-generated precipitation is also highly sensitive to the initial
soil moisture profiles and parameterized vegetation in the physics schemes of the model
[Collow et al., 2014; Ford et al., 2015]. This can be seen by the reduction of errors with
12 LULC experiments among those red boxes in Figure 4.7b. The soil moisture can
impact precipitation by changing surface temperature and humidity, but vegetation
changes are found to have even larger impacts on precipitation than soil moisture
[Collow et al., 2014]. Parameterized vegetation with coarse spatial resolution in outer
grids simulated less evaporation and more sensible heat than observations which can thus
increase the uncertainties in estimating regional precipitation [Sud et al., 2001; Notaro et
al., 2011].

4.3.4 Cloud fields comparison
Cloud observations taken from geostationary or polar orbiting satellite platforms
can be used as valuable tools to evaluate model performance [Otkin and Thomas, 2008].
The simulated cloud fields from ensemble CTRL experiments are first compared against
MODIS and MTSAT satellite observations of cloud cover in this section at the
approximately overpass time of Terra (3:30UTC) and Aqua (5:30UTC), respectively.
Note that the computation process of model simulated clouds is fundamentally different
from satellite cloud retrievals. The model simulated cloud field in this study is based on
simulated total Cloud Water Path (CWP, liquid water path+ice water path) computed by
vertically integrating the total microphysical mixing ratio (including cloud water and ice)
with the equation 4.1:
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where r is the liquid water and ice mixing ratio, and ρair is the density of moist air.

Satellite algorithm for cloud fields would calculate water path by first specifing the cloud
optical thickness (t) and effective radius (re) between ice, water and mixed phase cloud
with radiative transfer calculations. Then further retrieve the cloud liquid water path with
the equation 4.2 by assuming the vertically uniform clouds
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Where ૉ ܟis the water density.

Figure 4.9 The Comparisons of Average Total Cloud Water Path (CWP) from (a)
model simulations ensemble CTRL experiments (b) MODIS observations, and (c)
MTSAT observations at the overpass time of Terra satellite. (d), (e), and (f) are the
same as (a), (b), and (c).
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Although the discrepancy between model simulations and satellite retrievals are
expected due to different theoretical calculations mentioned above, the spatial
distributions of monthly averaged total Cloud Water Path simulated by ensemble model
runs are still consistent with both MODIS and MTSAT observations (Figure 4.9). The
ensemble model simulations realistically capture the thick cloud fields over the ocean
near the coast area at both 0330 UTC and 0530UTC, while differences still exist across
the entire distribution among model and satellite observations. Higher frequency of
clouds with thick convective clouds (CWP ~ 200) is shown in model simulations over
tropical continents than MODIS observations, which is spatially consistent with MTSAT
retrieval over land. These cloud fields are expected to be stratocumulus clouds (< 2km),
which is one of the most frequently occurring cloud types in the Asian monsoon region.
Since this feature is only captured by several experiments with GD and non-local PBL
schemes, the relative abundance of these cumulus clouds over land must be strongly
influenced by sufficient mixing and frequent convection in the boundary layer, along
with excessive moisture from the ocean [Otkin and Thomas, 2008]. The disagreement
between model simulated and MODIS observed cloud fields over land area can be
explained by the exclusion of low or middle level cumulus clouds from the MODIS cloud
datasets. Previous studies have indicated apparently underestimations of middle and low
clouds in the Asian monsoon regions by MODIS measurements [Tang and Chen, 2006;
Thampi and Roca, 2014].
In order to examine the ability of different combinations of CU, PBL and LSM
parameterizations in WRF model simulations, the 5 km spatial resolution total CWP
derived from hourly MTSAT observations [Minnis et al., 2008], made approximately
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between 0600 and 1800 local standard time (LT = UTC+8) are further compared with all
12 CTRL experiments for fine grid 3 (4km × 4km) in Figure 4.10. During day time,
monthly averaged total CWP reaches 151.6 g/m 2 from MTSAT observations in grid 3
with 85% pixels with CWP above 200 g/m2 (Figure 4.10a). Thick cloud layers can be
observed above the coastal region with nearby ocean (Figure 4.10b). The variability of
monthly averaged CWP for grid3 from various combinations of CU, PBL, and LSM
parameterization can be seen in Figure 4.10c and d. Most model runs produce negative
biases in cloud field simulations, while the CTRL and LULC experiments with ACM2
PBL schemes show best agreements with MTSAT observations (rose color box in Figure
4.10c). In Figure 10.4d, the influence of PBL schemes on cloud formations can be seen
along with boundary forcing from outer grids with different CU schemes. The turbulence
kinetic energy (TKE) closure scheme (MYJ) display difficulty in producing heavy
convective cloud above 100 g/m2, compared to the satellite data. Consistent with previous
studies over tropical maritime continent area [Meynadier et al., 2015; Banks et al., 2016],
YSU and ACM2 schemes, which consider non-local momentum mixing in the PBL,
better represent the distributions of cloud water path over the domain, especially when
combing with GD cumulus scheme (e.g. experiment 3,6, 10, and 12). Experiments with
ACM2 PBL schemes have greater variations between histograms than observations,
while both LSM parameterizations appear to have little impacts on cloud developments in
the grid3 [Jin et al., 2010; Bank et al., 2016].
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Figure 4.10 Comparisons of monthly averaged total Cloud Water Path (CWP) between satellite observations and model
simulations for Grid3 (a) Histograms of CWP and (b) Spatial distributions of monthly CWP over grid 3 from MTSAT
sensor observations (5km × 5km); (c) Box plot for model simulated and MTSAT observed CWP over grid 3, box encloses the
interquartile range from 25% to 75% points, while the whiskers extend out to the maximum or minimum CWP in the grid 3;
and (d) The comparisons of histograms of monthly averaged total CWP between MTSAT observations (olive in the
background) and 12 CTRL experiments (yellow histograms) based on combinations of various WRF parameterizations (See
2
Table 3.4 and text) with regional calculated total CWP in g/m
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Spatial distributions of frequency of cloud occurrence (FOC) in the inner-most
grid 4 (1km×1km) are further compared with MTSAT cloud mask to evaluate the
performance of various experiments in cloud fields estimations in highest resolution. The
following metrics were computed to get the quality assessment of model simulations
[Fairman et al., 2011]:
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Where n1, n2, and n3, respectively, are the number of numerical model grid points for
which clouds occur (1) in both the model simulation and satellite observation, (2) in the
model simulation but not in the satellite observation, and (3) in the satellite observation
but not in the model simulation. Thus, Figure 4.11 quantifies the percentage of
comparisons where the model has accurate prediction of cloud fields. Spatial distribution
of frequency of occurrence of clouds (FOC) computed from all the available MTSAT
daytime overpasses for the study period shows frequent occurrence of cloud cover over
forested area near the edge of agricultural used land with peak values above 70% (Figure
4.11a). Previous studies from both modelling and observations have indicated this
convective cloud development tend to frequently occur over along and near the
boundaries of land cover type transitions with intensive horizontal gradients of climate
variables and enhanced vertical motions of air in the boundary layer [Wang et al., 2009;
Mahmood et al., 2014]. Our model simulated cloud field in the study has captured this
pattern with spatial distribution of percentage accuracy above 50% over most land area
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Figure 4.11 Comparisons of monthly Frequency of Cloud Occurrence (FOC) between satellite observations and model
simulations for Grid4 (a) MTSAT sensor observations (1km × 1km); (b) Box plot for model simulated and MTSAT observed
FOC over grid 4, box encloses the interquartile range from 25% to 75% points, while the whiskers extend out to the
maximum or minimum FOC in the grid 4; and (c) the spatial60
distributions of FOC from 12 CTRL experiments based on
combinations of various WRF parameterizations (See Table 3.4 and text) with regional calculated model accuracies.

in Figure 4.11c, which is also comparable to previous mesoscale modelling study by
Otkin and Thomas [2008] and Fairman et al. [2011]. The features of FOC are separated
by the combinations of CU and PBL schemes, which is consistent with features over
outer grids. The stronger difference of FOC in the finest grid between CTRL and LULC
can be seen over experiments with Noah LSM scheme than PLX LSM scheme. Thus the
more sophisticated LSM scheme is more sensitive to LULC changes as expected,
although the overall influence of LSM scheme on cloud development are weak. The
development and evolution of the simulated cloud field in WRF model can be largely
influenced by PBL and microphysics schemes [Otkin and Greenwald, 2008]. Non local
YSU and ACM2 PBL scheme emphasize large-scale eddies in estimating the vertical
mixing in the PBL and explicitly treat entrainment processes at the top of the boundary
layer, which shows reliable performance in the free atmosphere under large-scale deep
convective conditions over the domain [Otkin and Greenwald, 2008;Meynadier et al.,
2015]. However, YSU scheme has been found to underestimate both high clouds and
total cloud cover for WRF cloud simulation in most land region of Africa when
comparing with MODIS cloud observations [Diaz et al., 2015]. The uniform
underprediction of FOC over land area especially with KF cumulus scheme can be
attributed to underestimate structural evolution of simulated cloud field in YSU scheme,
which is also supported by negative bias in monthly averaged cloud top heights from
model simulations (not shown). Smaller underestimation of marine boundary layer clouds
are caused by the limitations in weather and climate models simulating the transition
from stratocumulus to shallow cumulus clouds [Huang et al., 2014; Lacagnina and
Selten, 2014; Diaz et al., 2015]. Overall, ACM2 PBL scheme show the best performance
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with about 80% accuracy in cloud frequency estimations, when combined with Noah
LSM and GD cumulus scheme. Note that the cumulus schemes have been turned off for
inner two grids, their influences from the outer grids, however, can still be clearly seen
among those comparisons. The source of above uncertainties on cloud formations can be
further confirmed based on active in-situ measurements.

4.4 Discussion and Summary
Twenty-four experiments parameterized with various physical schemes of
cumulus (CU), planetary boundary layer (PBL) and land surface (LSM) scheme are
performed with or without updated accurate land data sets over SE Asia maritime
continent during summer monsoon month (August, 2009). The objective of this study is
to qualify biases of model simulated surface variables, precipitation and cloud fields, and
thus to find the model configurations with best performance in simulating regional
climate over the study area based on uncertainties and sensitivity analysis of various
parameterization and land characterization in the model.
Most experiments successfully reproduce surface climate variables, vertical
profiles of temperature and moisture, along with both regional rainfall and cloud
development. LSM schemes along with changes in land characterizations strongly affect
surface climate variables, particularly for temperature simulations. Both PBL and LSM
schemes have shown strong influences on vertical distributions of moistures in lower
atmosphere, especially for nocturnal boundary layer. CU schemes are found to have
larger influence on precipitations than PBL schemes, while the change of LSM scheme in
WRF does not significantly change the simulations of spatial distribution of monthly total
rainfall. The frequency and amount of cloud formations are most sensitive to PBL
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schemes in grids with higher spatial resolutions, however, to a lesser extent for LSM
schemes. Overall, Grell 3D cumulus scheme and ACM2 PBL scheme represent their
strength in simulating total rainfall and cloud fields over the study area in the selected
period, while combing those two schemes with Noah LSM appears to show the best
performance in estimations of those climate variables among those experiments in this
study. By using Noah LSM scheme with higher level of complexity than PLX, the
sensitivity of most surface variables and lower level atmosphere to LULC changes can be
improved among those experimental results.
More extensive modeling experiments are expected to get better evaluations of
WRF’s capability on regional climate simulations. These experiments include those tests
with several important radiation and microphysics schemes that have been coupled in the
WRF model. Previous studies have also indicated their strong influence on rainfall and
cloud formations. Due to computational limitations, we cannot perform all those tests
here. Additionally, the spatial resolution, domain size, the considered time or period of
the year, and most importantly the forcing fields used at lateral boundaries and/or for the
grid nesting would also have big contribution on the accuracy of WRF simulations over
the region.
This chapter qualifies the sensitivities of regional scale climate variable
estimations to various physical parameterizations and land use change, along with biases
associated with those parameterizations. The model configurations with lowest
uncertainties represent land characterizations and parameterizations with best
performance, which will be used in our next two chapters. The next chapter will discuss
the climatic impacts of LULC change on surface energy balance and planetary boundary
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layer, focusing on the month of August. The impacts of tropical deforestations on
regional precipitation and cloud formation over SE Asian maritime continents will be
further discussed in Chapter 6.
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Chapter Five

CLIMATIC IMPACTS DUE TO LAND USE CHANGE OVER
SOUTHEAST ASIAN MARITIME CONTINENT: SURFACE
ENERGY BUDGET CHANGES

In this chapter, results from the WRF LULC2000 and LULC2010 experiments for
the land cover scenarios based on CRISP 2000 and 2010 land datasets are used to
examine the impact of LULC change over SE Asia MC on regional surface energy
budget. In order to examine the climatic effects due to realistic tropical deforestation over
the domain, the LULC2010 experiment is assumed to be the current vegetation coverage
and is compared with LULC2000 to assess their differences on surface energy balance,
diurnal temperature changes, wind circulations and planetary boundary layer pattern. A
detailed description of WRF, the model configuration used in this study, CRISP MODIS
land data sets and all experiments designed during the selected period can be seen in
Chapter 3. Uncertainties analysis for this simulation is present in Chapter 4, where
comparisons of climate variables simulated from CTRL experiment and observed from
multiplatform are discussed. Hence, we will purely analyze the differences caused by the
variations of land surface characteristics. Discussion is mainly according to results from
inner-most grid with highest spatial resolution (1 km × 1km).
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5.1 Land Use Change Impacts on Surface Energy Balance
The surface energy balance between surface net radiative fluxes (Qnet) and the
sensible, latent and ground heat fluxes (QH, QE, and QG) can be written below:
 ൌ    െ  ǥ ǥEquation 5.1

The net radiative fluxes are often split into four components with equations below:
 ൌ ՝  ՛  ՛  ՝

ൌ   શሺ െ ࢻሻ  ࢿ  ՝ ǥ ǥEquation 5.2
Where ܭ՝௦௪ and ܭ՛௦௪ are downward and upward reflected SW radiative fluxes, ܫ՛௪ and

ܫ՝௪ are LW radiative fluxes emitted up from the surface and downward diffusive

radiation. The ܭ՝௦௪ is determined by the solar constant (S0), net sky transmissivity ( ,
affected by solar elevation, and cloud cover fraction) and solar elevation angle (શ,

computed by latitude, longitude, time of the day and the Julian date). ߙ is the planetary

albedo which can determine the magnitude of net SW radiative fluxes; ߝ is the emissivity

in the range of 0.9-0.99 for most surfaces, and thus determine the ܫ՛௪ with Stefan

Boltzmann constant (ߪ) and land surface temperature (ܶ௦௧ ).ܫ՝௪ is mainly calculated

based on the combined effects of clouds and greenhouse gases. Changes in surface

properties, such as soil moisture, aerodynamic roughness length (Z0), and leaf area index
(LAI) can directly change the partition of the non-radiative transfer (sensible heat and
latent heat) in equation 5.1, which can be represented by the Bowen Ratio (β) or the
evaporative fraction (η)
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The primary mechanisms in which LULC change can influence the regional surface
energy balance are through changing temperature and evapotranspiration by the
variations in surface albedo, vegetation characteristics, soil moisture, and land surface
temperature along with changes in aerodynamic surface roughness. Therefore, the
average differences of these important surface parameters in both model experiments are
showed before discussing the integrated biogeophysical effects of LULC change on
climatic variables. Differences in major surface characteristics such as albedo (a), LST,
Z0, LAI, Vegetation Fraction (VF), and integrated soil moisture in Figure 5.1 and Figure
5.2 show that tropical deforestation (LULC2010) has caused increase in regional and
monthly averaged albedo and LST along with decrease in roughness length, LAI, VF, and
total soil moisture. Both a and Z0 are parameterized in Noah LSM based on the
predefined land types from our CRISP land data sets. More than 10% variations in
Albedo(+0.03-) and Z0 (-0.18m¯) are associated with observing tropical deforestation
(1710km2, 16.5% in inner-most grid4) and replantation (1037km2, 9.6%) form CRISP
land datasets. The LST is predicted from solving the thermal diffusion components in
energy balance equation and thus represents the combined ground vegetation surface.
The highest LST (about 305°K) in the grid4 can be seen near the city of Sibu, Malaysia
(2.28°N, 111.81°E), while larger than 1°K increase can be seen over the deforested area
in Figure 5.1d. As has been mentioned in Chapter 3, both LAI and VF are acquired from
MODIS observations onboard Terra and Aqua satellites. About 15% decrease in LAI
between LULC2010 and LULC2000 along with 4.8% reduction in VF (Figure5.2b and
Figure5.2d) are strongly correlated with those deforested area in the center of the domain.
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Figure 5.1 Spatial distribution of various land surface properties used in the
LULC2010 simulation (a) Surface albedo; (b) the difference of surface albedo
between LULC2010-LULC2000; (c) Land Surface Temperature (oK); (d) the
difference of LST between LULC2010-LULC2000; (e) Aerodynamic roughness
length (m); and (f) the difference of Z0 between LULC 2010 and LULC2000.
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Figure 5.2 Same as Figure 5.1 but for Leaf Area Index, Vegetation Fraction (%),
and Soil Moisture (m3m-3)
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The soil moisture (m3/m3) here is defined by the ratio of the volume of water in the soil
and the total volume of dry soil, air and water, which is predicted in four layers [Chen
and Dudhia, 2001] in this study based on Richards equation and calculated by integrating
all layers.

The total soil moisture is highly interactive with precipitation,

evapotranspiration and solute transport fluxes, while decrease in soil moisture close to
0.02 m3/m3 can be seen in Figure 5.2f associated with tropical deforestation in the
domain. Increase in surface albedo, emissivity, and LST will increase the reflected ܭ՛௦௪

and ܫ՛௪ , and thus reduce the available net radiative fluxes, especially in the surface. The

decrease in LAI, VF and soil moisture appears to reduce evaporative cooling from

vegetation as a result of evapotranspiration efficiency and increase regionally averaged
Bowen ratio (0.31~0.42) during the summer month over the domain and thus decrease
the surface latent heat fluxes.
Recent studies have described that the regional surface and moisture budgets can
be altered by transitions from forests to agricultural land because of changes in surface
properties such as roughness length (z0), LAI, and bowen ratio (β) [Betts et al., 2007;
Kala et al., 2014; Betts et al., 2015; Barbosa da Silva et al., 2015]. Statistics of the surface
properties for the two LULC scenarios for the innermost grid can be seen in Figure 5.1
and 5.2. By utilizing process-based inspection from regional model simulations over
Southwest Africa near the Atlantic coast, Bell et al. [2015] showed that a decrease in
surface roughness and evapotranspiration efficiency can have a more significant role in
changes of near-surface temperature and regional energy budget than increase in albedo
[Bell et al., 2015]. This is consistent with the results of our simulations of domain
averaged, diurnal variations of surface energy balance given in Figure 5.3. LULC
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changes over grid4 result in a decrease in QE and QG associated with moisture transfer,
and a slight increase in QH caused by temperature differences during the day time with
largest discrepancy around noon time. Consistent with Xu et al.[2015]’s recent study over
the monsoon region of Aisa (e.g. India and China), day time non radiative transfer
processes (QE, QH and QG) are more sensitive to LULC changes than night time processes.

Figure 5.3 Diurnal variations of latent heat flux (QH), sensible heat flux (QE), and
Ground Heat Flux (QG) for LULC2000 and LULC 2010 simulations representing
control simulation and pre-deforestation case, respectively
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Although few direct measurements of surface energy partitions are available,
model simulated sensible heat and latent heat fluxes based on two LULC scenarios
shown in Figure 5.4 can be utilized to study the impact on the surface energy budget due
to transitions from forested area to mixed agriculture used land. In Figure 5.4a, the city of
Sibu (2.28°N and 111.83°E) in the central region of Sarawak, Malaysia has the highest
monthly averaged QH around 80 Wm-2 due to Urban Heat Island effects, while the
deforested area has a higher QH (above 60 Wm-2) than forested region with QH (below 60
Wm-2) [Chakraborty et al., 2015]. Small differences (+1.2 Wm-2-) in domain averaged
sensible heat fluxes were found between the two experiments, with grid 4 average values
of 61.8 Wm-2 and 63.0 Wm-2, respectively for LULC2000 and LULC2010 experiments
(Figure 2a). It can be seen in the box plots of spatial difference of QH for each day of the
month, the larger increase was found in the beginning and last several days simulations
when relatively lower humidity and less cloud cover (< 30%) was observed. This is
because surface temperature changes are more sensitive to land surface properties when
boundary-layer cloud cover is reduced [Cronin, 2013]. Very high cloud cover between
90% and 100% from MTSAT observations are found on most days after August 8th,
which results the reduced difference in QH for LULC2000 and LULC2010 experiments
(Figure5.4e). Meanwhile, spatial distribution of latent heat flux for 2010 LULC scenario
in Figure 5.4b is consistent with the distributions of forested and deforested areas in
Figure 4.1. Evergreen forests regions with elevated evaporation have the highest monthly
averaged QE greater than 220 Wm-2, while crop-land and urban area with restricted
access to groundwater reservoirs have less evaporation and lower QE less than 200 Wm-2
(Figure 5.4b). Deforested regions during the ten year period can be clearly identified in
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Figure 5.4 Spatial distributions of monthly averaged (a) sensible heat flux (QH)
and (b) latent heat flux (QE); Spatial distributions of the differences of (c) QH and
(d) QE between LULC2010 and LULC2000 simulations; Temporal variations of
difference of (e) QH and (f) QE between LULC2010 and LULC2000 simulations.
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Figure 5.4d with a decrease in monthly averaged QE of around 11.7 Wm-2¯ and an
increase in QE of 20-25Wm-2 can be found in regrowth areas. Large decreasing (between
-30Wm-2 and -25 Wm-2) in QE can also be seen in most simulated days between the two
LULC scenarios (Figure 5.4f), especially in the middle of August when increased cloud
cover and precipitations was observed.

5.2 Land Use Change Impacts on Diurnal Temperature Range.
As an important climate change variable, diurnal temperature range (DTR) is very
sensitive to regional land use changes including soil moisture variations, deforestations,
agricultural development and urbanizations [IPCC 2014]. A previous study has shown
that shifts from forests to agricultural plantations can result in a decrease in the DTR
associated with reduced moisture evaporations causing a slight increase in nighttime
minimum temperatures over most of the domain [Beltran-Przekurat et al., 2012]. The
2000 and 2010 LULC scenarios utilized for the WRF simulations of grid 4 has been
shown in Figure 5.5 (a) 2000 and (b) 2010 LULC scenario for the two model experiments
for model grid 4. Labels denote major land use classes; (c) The spatial distributions of
monthly averaged Diurnal Temperature Range (DTR) for LULC2010 control
simulations; (d) Dependence of DTR on model simulated cloud liquid water path during
August, 2009; (e) Temporal variations of difference of DTR between LULC2010 and
LULC2000 simulations, and relative humidity (%) for two experiments; (f) Spatial
distributions of difference of DTR between LULC2010 and LULC2000 simulations.a and
Figure 5.5 (a) 2000 and (b) 2010 LULC scenario for the two model experiments for
model grid 4. Labels denote major land use classes; (c) The spatial distributions of
monthly averaged Diurnal Temperature Range (DTR) for LULC2010 control
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simulations; (d) Dependence of DTR on model simulated cloud liquid water path during
August, 2009; (e) Temporal variations of difference of DTR between LULC2010 and
LULC2000 simulations, and relative humidity (%) for two experiments; (f) Spatial
distributions of difference of DTR between LULC2010 and LULC2000 simulations.b
along with corresponding spatial distribution of DTR maps based on LULC2010 control
simulations (Figure 5.5 (a) 2000 and (b) 2010 LULC scenario for the two model
experiments for model grid 4. Labels denote major land use classes; (c) The spatial
distributions of monthly averaged Diurnal Temperature Range (DTR) for LULC2010
control simulations; (d) Dependence of DTR on model simulated cloud liquid water path
during August, 2009; (e) Temporal variations of difference of DTR between LULC2010
and LULC2000 simulations, and relative humidity (%) for two experiments; (f) Spatial
distributions of difference of DTR between LULC2010 and LULC2000 simulations.c). In
the finest grid, about 1,710 km2 (16.5%) area of peatswamp and montane forests have
been cleared for agriculture purpose, which caused an increase of 1,037 km 2 (9.6%) area
oil palm plantation between the year of 2000 and 2010. The mean DTR, calculated
between daily 2 meter maximum and minimum temperatures, varies from 5 to 10 °C over
land, while the deforested region has shown more than 0.5 °C ~ 1°C lower DTR values
than nearby forested area (Figure 5.5 (a) 2000 and (b) 2010 LULC scenario for the two
model experiments for model grid 4. Labels denote major land use classes; (c) The spatial
distributions of monthly averaged Diurnal Temperature Range (DTR) for LULC2010
control simulations; (d) Dependence of DTR on model simulated cloud liquid water path
during August, 2009; (e) Temporal variations of difference of DTR between LULC2010
and LULC2000 simulations, and relative humidity (%) for two experiments; (f) Spatial
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distributions of difference of DTR between LULC2010 and LULC2000 simulations.c).
Earlier studies from Trenberth [2003] and Stone et al., [2003] found that changes of
regional DTR can be attributed to variations in cloud and surface properties such as soil
moisture and vegetation. In order to separate the impact of changing cloud cover from
LULC changes, the changes of DTR has been analyzed based on the stratification by
cloud liquid water path (LWP) in various bins from 0 to 500 gm-2 (Figure 5.5 (a) 2000
and (b) 2010 LULC scenario for the two model experiments for model grid 4. Labels
denote major land use classes; (c) The spatial distributions of monthly averaged Diurnal
Temperature Range (DTR) for LULC2010 control simulations; (d) Dependence of DTR
on model simulated cloud liquid water path during August, 2009; (e) Temporal variations
of difference of DTR between LULC2010 and LULC2000 simulations, and relative
humidity (%) for two experiments; (f) Spatial distributions of difference of DTR between
LULC2010 and LULC2000 simulations.d). Model simulated LWP is computed by
vertically integrating the total liquid water mixing ratio (cloud water), which is
comparable with both MTSAT and MODIS retrieved cloud LWP in collocated time and
space (shown in Figure 4.9). In Figure 5.5 (a) 2000 and (b) 2010 LULC scenario for the
two model experiments for model grid 4. Labels denote major land use classes; (c) The
spatial distributions of monthly averaged Diurnal Temperature Range (DTR) for
LULC2010 control simulations; (d) Dependence of DTR on model simulated cloud liquid
water path during August, 2009; (e) Temporal variations of difference of DTR between
LULC2010 and LULC2000 simulations, and relative humidity (%) for two experiments;
(f) Spatial distributions of difference of DTR between LULC2010 and LULC2000
simulations.d, model simulations for both LULC scenarios suggested DTR decreased as
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cloud liquid water path increased, which is caused by decrease in daytime surface
insolation [Betts et al., 2013; Lindvall and Svensson, 2015]. For any consistent cloud
condition with a given cloud LWP, LULC2010 appears to present lower simulated DTR
than LULC2000. Among all cloud bins, the mean DTR values from LULC2010 show
0.05 to 0.47 °C lower than LULC 2000 simulations due to transitions from forests to
mixed crop and grass land with increasing surface albedo and decreasing LAI and
vegetation fractions [Dai et al.,1999; Collatz et al., 2000; Kalnay and Cai, 2003]. Largest
differences of DTR between forested and deforested simulations are found between 100
and 200 gm-2 cloud LWP (box in Figure Figure 5.5 (a) 2000 and (b) 2010 LULC scenario
for the two model experiments for model grid 4. Labels denote major land use classes; (c)
The spatial distributions of monthly averaged Diurnal Temperature Range (DTR) for
LULC2010 control simulations; (d) Dependence of DTR on model simulated cloud liquid
water path during August, 2009; (e) Temporal variations of difference of DTR between
LULC2010 and LULC2000 simulations, and relative humidity (%) for two experiments;
(f) Spatial distributions of difference of DTR between LULC2010 and LULC2000
simulations.d), which is caused by combined effects of clouds and soil moistures on DTR
moderations [Dai et al., 1999]. Increasing clouds can reduce DTR faster over dry
deforested area than over moist forested area, since clouds can have stronger impacts on
surface energy fluxes when latent heat release is limited over drier land. The temporal
and spatial distributions of DTR differences over Sarawak, Malaysia for LULC2010 with
reference to LULC2000 simulation can be seen in Figure 5.5 (a) 2000 and (b) 2010
LULC scenario for the two model experiments for model grid 4. Labels denote major
land use classes; (c) The spatial distributions of monthly averaged Diurnal Temperature
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Range (DTR) for LULC2010 control simulations; (d) Dependence of DTR on model
simulated cloud liquid water path during August, 2009; (e) Temporal variations of
difference of DTR between LULC2010 and LULC2000 simulations, and relative
humidity (%) for two experiments; (f) Spatial distributions of difference of DTR between
LULC2010 and LULC2000 simulations.e and Figure 5.5 (a) 2000 and (b) 2010 LULC
scenario for the two model experiments for model grid 4. Labels denote major land use
classes; (c) The spatial distributions of monthly averaged Diurnal Temperature Range
(DTR) for LULC2010 control simulations; (d) Dependence of DTR on model simulated
cloud liquid water path during August, 2009; (e) Temporal variations of difference of
DTR between LULC2010 and LULC2000 simulations, and relative humidity (%) for two
experiments; (f) Spatial distributions of difference of DTR between LULC2010 and
LULC2000 simulations.f, along with the temporal variations of mean relative humidity in
Figure

5.5e.
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Figure 5.5 (a) 2000 and (b) 2010 LULC scenario for the two model experiments for model grid 4. Labels denote major
land use classes; (c) The spatial distributions of monthly averaged Diurnal Temperature Range (DTR) for LULC2010
control simulations; (d) Dependence of DTR on model simulated cloud liquid water path during August, 2009; (e)
Temporal variations of difference of DTR between LULC2010 and LULC2000 simulations, and relative humidity (%)
for two experiments; (f) Spatial distributions of difference of DTR between LULC2010 and LULC2000 simulations.
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Comparisons between LULC2010 (deforested) and LULC2000 (forested) simulations
indicated that about 30 days of the month, WRF simulations produced a decrease in DTR
from -0.05 to -0.92°C, with an averaged decrease in DTR of -0.3°C due to LULC change
caused variations of surface albedo, soil moisture and vegetation fractions (Figure 5.5 (a)
2000 and (b) 2010 LULC scenario for the two model experiments for model grid 4.
Labels denote major land use classes; (c) The spatial distributions of monthly averaged
Diurnal Temperature Range (DTR) for LULC2010 control simulations; (d) Dependence
of DTR on model simulated cloud liquid water path during August, 2009; (e) Temporal
variations of difference of DTR between LULC2010 and LULC2000 simulations, and
relative humidity (%) for two experiments; (f) Spatial distributions of difference of DTR
between LULC2010 and LULC2000 simulations.e and Figure 5.5 (a) 2000 and (b) 2010
LULC scenario for the two model experiments for model grid 4. Labels denote major
land use classes; (c) The spatial distributions of monthly averaged Diurnal Temperature
Range (DTR) for LULC2010 control simulations; (d) Dependence of DTR on model
simulated cloud liquid water path during August, 2009; (e) Temporal variations of
difference of DTR between LULC2010 and LULC2000 simulations, and relative
humidity (%) for two experiments; (f) Spatial distributions of difference of DTR between
LULC2010 and LULC2000 simulations.f) [Dai et al.,1999; Collatz et al., 2000; Kalnay
and Cai, 2003]. The northern portion of the domain near the coast are associated with
very high humidity and frequent cloud cover during the whole period, but about 2%
decrease in humidity caused by the regional deforestation activities can still be seen in
Figure 5.5 (a) 2000 and (b) 2010 LULC scenario for the two model experiments for
model grid 4. Labels denote major land use classes; (c) The spatial distributions of
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monthly averaged Diurnal Temperature Range (DTR) for LULC2010 control
simulations; (d) Dependence of DTR on model simulated cloud liquid water path during
August, 2009; (e) Temporal variations of difference of DTR between LULC2010 and
LULC2000 simulations, and relative humidity (%) for two experiments; (f) Spatial
distributions of difference of DTR between LULC2010 and LULC2000 simulations.e.
The near surface temperatures are very sensitive to changes in evapotranspiration and
surface roughness length due to deforested activities [Bell et al., 2015]. Less evaporation,
low surface roughness from mixed crop and grass land (grey area in Figure 5.5 (a) 2000
and (b) 2010 LULC scenario for the two model experiments for model grid 4. Labels
denote major land use classes; (c) The spatial distributions of monthly averaged Diurnal
Temperature Range (DTR) for LULC2010 control simulations; (d) Dependence of DTR
on model simulated cloud liquid water path during August, 2009; (e) Temporal variations
of difference of DTR between LULC2010 and LULC2000 simulations, and relative
humidity (%) for two experiments; (f) Spatial distributions of difference of DTR between
LULC2010 and LULC2000 simulations.b) can result in a decrease in relative humidity
and further reduce the DTR. Zhou et al.[2010] has reported a 0.4 °C and 0.2 °C decade
decrease in DTR values from observations and global model simulations over Borneo
Island area, respectively. Zhou et al. [2010] found that most global climate models show
smaller DTR changes than observations, which can be attributed to the lack of increase
cloudiness, realistic aerosols, accurate surface properties and important boundary layer
processes.
Moreover, previous studies have shown that diurnal variations of temperatures are
associated with albedo, soil moisture and vegetation characteristics [Lockart et al, 2013].
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The surface albedo determines the available net radiation to the surface, while soil
moisture controls the participation of net radiation into latent heat and sensible heat. The
vegetation controls the amount of latent heat through tuning the evaporation efficiency.
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Figure 5.6 Spatial distributions of monthly averaged (a) T2max for LULC2010
and (b) T2min for LULC2010; (c) T2max for LULC2000 and (d) T2min for
LULC2000; Spatial distributions of the differences of (e) T2max and (f) T2min
between LULC2010 and LULC2000 simulations
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In order to examine how the diurnal temperature changes responds to LULC changes,
spatial distribution of monthly averaged maximum and minimum surface temperature
(T2max and T2min) has been shown in Figure 5.6 along with the difference between
LULC2010 and LULC2000 experiments. To reduce the impacts by the passing synoptic
systems, T2min from both experiments are not compared in small timescales (days).
Previous study has shown that the lower LAI over the LULC change area largely
reduces the latent heat flux and cloud cover, resulting in increased incoming radiation
[Feddema et al., 2005]. This process can further increase the sensible heat flux and thus
increase both T2max and T2min over the area with transition from evergreen forest to
agriculture land (e.g. Amazon and India) [Feddema et al., 2005; Jian et al., 2013].
However, very small difference in T2max can be seen among two experiments with LULC
changes, since the effect on increasing T2max over drier soil moisture with less vegetation
have been offsets by reduced available net radiation associated with increasing albedo
over deforested area [Grossman-Clarke et al., 2010; Lockart et al., 2013]. Hence, the
decreasing in DTR is largely caused by the 0.5°C increase of T2min at night (Figure 5.6f).
Constructing a dataset of surface temperatures for East Africa, Christy et al. [2009] has
shown the different sensitivity of daytime and nighttime temperatures to the
environmental factors can result in difference in variations of Tmax and Tmin. It can be
seen in Figure 5.6f, positive T2min difference is clearly observed over deforested area
with decreasing LAI and VF (Figure 5.2). During nighttime period, more conduction of
ground heat from those warm agriculture lands can release more stored heat to near
surface than forested area, and thus increase T2min during the period when all other
radiation components are quite small or close to zero. Besides the contributions of
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changing surface character, the mixing from warmer layer above the surface can also
impact the variations in Tmin especially when the low level air in the Nocturnal Boundary
layer was removed by enhanced mesoscale circulations near the surface [Christy et al.,
2006; 2009].

5.3 Land Use Change Impacts on Wind Pattern and Planetary Boundary Layer
Height
During the boreal summer monsoon in this study period, boundary layer winds
over SE Asian maritime continent generally track along with winds of the lower free
troposphere assigned: south-easterly, from the land to the ocean [Figure 4.1, Reid et al.,
2013]. However, the sea breezes are often the local meteorologically significant
circulation features over the coastal area due to the gradient of surface QH between land
and ocean, which can be seen in a daytime monthly averaged near surface (10 m) winds
blew from ocean to land with 2 m/s to 4 m/s mean speed over grid4 given in Figure 5.7a.
A significant increase (+0.4m/s-) in daytime sea breeze can be seen over the transition
area, where forested area with higher surface roughness has been converted to mixed
agriculture land with lower roughness (Figure 5.7c). Temporally, clear increases in
regionally averaged surface winds can be seen among almost all days of the simulation
period (Figure 5.7e). This is consistent with previous studies for mesoscale wind
circulations, which are particularly sensitive to LULC changes and more obvious in the
transition areas [Barbosa B et al., 2015; Xu et al., 2015]. Planetary boundary layer
heights (PBLH) can be diurnally varied from 855.8m to 2538.3m with the daytime
monthly averaged PBLH changed from 500m to 1000m in Figure 5.7b. Higher PBLH are
found in the east side of the domain with decreasing heights extended to the coastlines.
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Most deforested area over the domain showed close to a 50 m increase in PBLH,
nonetheless, nearby forested area reduced PBLH by 10% between the two LULC
scenarios (Figure 5.7d). Strong decrease in the daytime PBLH over deforested area has
been balanced by the increase in the nearby forested area, and thus make slight decrease
in regional averaged PBLH (-2.0m¯). Although temporal variations of PBLH differences
between LULC2000 and LULC2010 are more complex than those of other climatic
variables due to combined impacts by both local and synoptic meteorology, most days of
the month show increases greater than 20m in PBLH in response to the deforestation
(Figure 5.7f). In the night time, the magnitude of variations of both wind field and PBLH
pattern associated with LULC change has been weakened due to reduced radiation energy
balance and suppressed turbulence in the nocturnal boundary layer. Nonetheless, the
spatial distribution pattern of land surface properties are still found to be associated with
inland flow features and an enhanced land breeze (>2.0 m/s) in the coastlines [Figure
5.8a, Marshall et al., 2004]. The effects of land surface on surface wind fields can also be
seen by comparing LULC2000 and LULC2010 experimental results over grid4 domain in
Figure 5.8c, which illustrates and increase of around 0.1 m/s in the southerly wind field
as a result of the decreased surface roughness (Z0) following rainforest clearance from
inland to ocean. In general, PBLH is lower at night over surfaces having lower
aerodynamic roughness, but can be elevated due to daytime solar heating over rougher
surfaces.
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Figure 5.7 Spatial distributions of daytime (a) monthly averaged 10 meter
horizontal surface wind speed (m/s) and wind vectors for LULC2010 simulations;
(b) same as Figure 5.7a, but for Planet Boundary Layer Height (PBLH, m) (c)
Monthly averaged difference of horizontal surface wind speed between LULC2010
and LULC2000 simulation; (d) same as Figure 5.7c, but for PBLH; (e) Temporal
variations of daily averaged difference of horizontal total wind speeds (m/s)
between two experiments; (f) same as Figure 5.7e, but for PBLH.
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Figure 5.8 Same as Figure 5.7, but for nighttime wind fields and PBLH pattern.
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The effects of the land surface are also observable due to alteration of the vertical
wind profiles by convective updrafts and downdrafts (Figure 5.9). The time of day
chosen for analysis (06 UTC or 2 pm local standard time) in Figure 5.9 corresponds
closely to local solar noon which showed strongest features relative to rest hours of the
day, thus, the vertical wind field at the first 25 model layers (under 3km) are collected. A
vertical cross-section along 2.5°N latitude is analyzed for mixed forest and agricultural
land along with calculated roughness lengths based on LULC2010 experiment (black
lines in Figure 5.9a). Strong divergences with downward wind (red color in Figure 5a)
over the forested area can be seen along with nearby convergences with upward wind for
deforested area (gray shading), which enhanced the local atmospheric circulation. Large
variations in roughness lengths (Z0 0.1 ~ 0.6 meters) along the cross-section generate
moisture divergences and convergences boundaries during the selected hour in the
afternoon. In Figure 5.9b, the vertical wind fields from LULC2010 experiment are
compared to LULC2000 experiment, as well as changes in roughness lengths between the
two model simulations. A significant increase in vertical wind speed associated with a
decrease in Z0 due to deforestations can be seen in most of the cross-section; in the
meantime, these changes in moisture flux have been weakened due to regrowth around
111.8°, 2.5°N because of the local increase in Z0. The regional water cycle can be
affected by the variations in the vertical motion given in Figure 5.9b, which would also
impact the response of cloud formation and rainfalls to tropical deforestation [Bell et al.,
2015].
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Figure 5.9 Vertical-longitudinal cross-section of (a) monthly mean vertical wind of
LULC2010 simulation along 2.5 °N for 06 UTC (2pm local time) on August 6th,
2009. The blue colour indicates ascending motion, whereas the red colour
represents descending motion, with black lines for roughness length; (b) monthly
averaged difference of vertical wind speeds between LULC2010 and LULC2000
simulations, with the difference of roughness length. Locations of deforestations
have been labelled as grey color bar in the bottom.

The impacts of combined modifications of LULC categories, vegetation fraction, and soil
moisture on planetary boundary layer development are further studied in Figure 5.10. By
comparing the PBL averaged temperature, vapor mixing ratio and convergence from
LULC2010 and LULC2000, an increase of 0.032°C and 1.68×10-4s-1 for PBL averaged
temperature and convergence can be seen over the domain along with a significant
decrease of 0.035g/kg in the PBL averaged mixing ratio (Figure 5.10a, b and c). This
significant feature can also be observed in the vertical profiles of regional averaged
temperature, moisture, and convergence over the land area (Figure 5.10d, e and f).
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Forested areas over the domain had a cool, moist and enhanced divergence in the PBL,
while a much warmer, drier and strong convergence in the PBL can be developed over
the deforested area because of the decreased surface roughness and evapotranspiration
[Mahmood et al., 2011].

Figure 5.10 The spatial difference of PBL (a) Temperature (b) Mixing ratio and
(c) Convergence between LULC2010 and LULC2000; (d) The vertical profiles of
LULC2010 temperature, and difference between LULC2010 and LULC2000; (e)
same as (d), but for mixing ratio; and (f) same as (d), but for convergence
(positive) and divergence (negative).
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5.4 Sensitivity Study
The sensitivity of surface climatic variables (e.g. monthly averaged 2 meter
temperatures, relative humidity, and total wind speed) to changes in domain averaged
deforestation rate are further examined in this section by comparing two more idealized
experiments with LULC2000 and LULC2010 simulations in this study. The first one
called the REF experiment, since it changed all land pixels in grid 4 to be ever green
forests, while the other simulation is called the DEF experiment by replacing all forests to
be crop land. All model configurations have been kept the same (See Chapter 3 for more
details). We assume the REF experiment has 0% deforestation, LULC2000 and LU2010
have experienced 47.8% and 74.9% deforestation with 3,297 km2 and 1,587 km2 forests
left, respectively. By assuming the LU2010 experiment as control case, the differences
between other experiments and the control simulation have been shown in Figure 5.11. It
can be seen that LULC2000 experiment with 47.8% deforestation over grid4 showed a
decrease of 0.2 m/s in surface wind speed and 0.08°C in mean temperature along with
0.37% increase in humidity reference to the control case. Comparing with the REF
experiment, the current LULC2010 has resulted in a 0.6 m/s and 0.29°C increase in wind
speed and 2 meter temperature along with along with a 1.7% decrease in surface
humidity. The sensitivities described briefly above indicate the extent of climatic impacts
due to the current level of deforestation within the domain. If the clearing process
continued such that 100% deforestation were reached, the domain averaged surface
temperature over land would be increased by 0.17°C, with a 1.4% decrease in humidity
and 0.2m/s increase in surface wind speed. Note that results here only indicate the
sensitivity for the model configuration in this study. The increased resolution of land use
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characteristics from satellite observation input into model simulations are expected to
constrain the range of biogeophysical responses to SE Asian deforestation, and thus
minimize the error within the model results [Byun etal., 2011; Lejeune et al., 2014;
Hagos et al., 2014; Santos-Alamillos et al., 2015].

Figure 5.11 LULC change impacts on changes in major surface climatic variables
as a function of deforestation rate (%) based on idealized complete forested,
LULC2000, LULC2010, and complete deforested simulations
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5.5 Discussion and Summary
This study used numerical modeling simulations to investigate the impact of land
cover changes on the regional climate of SE Asian MC, with a particular focus on those
parameters that would impact the surface energy budget and therefore the diurnal
temperature, wind fields, and boundary layer development. WRF was used to simulate
atmospheric conditions from August 1st, 2009 through August 31st, 2009 assuming 2000
and 2010 land cover scenarios, which representing previous forested and current
deforested conditions, respectively. The findings can be summarized as follows:
1. On average, tropical deforestation over the domain caused regional increase
(+1.2Wm-2) in sensible heat transfer along with a decrease (-11.7Wm-2) in
latent heat flux, which is mainly associated with a decrease in
evapotranspiration and an increase in land surface temperature from
apparently reduced surface roughness, LAI, and Vegetation Fraction. Major
deficit in latent heat flux along with excess in sensible heat flux happens
during the day time with strong incident solar radiation, while lower variations
in non-radiative flux balance during the night time.
2. The WRF simulations show that deforestation in the finest grid leads to a
decrease of 0.3°C in diurnal temperature range due to LULC change from
forests to agricultural land over the domain. Less evaporation, low surface
roughness and less soil moisture from crop and grass mixed land can result in
apparent decreasing in relative humidity and increase both daily maximum
and minimum temperature. The diurnal temperature changes have been
reduced due to larger increase in T2min than T2max since stronger ground heat
flux released from the agriculture land area.
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3. Surface wind speeds have increased over the deforested areas, which can be
attributed to an increase in surface temperatures and a decrease in
aerodynamic roughness length. Tropical deforestation over the domain has
developed a warmer and drier PBL, along with frequent convergence and
shallow convection over deforested areas.
4. Sensitivity tests have shown a consistent increase trend of surface temperature
and total wind speed under an increasing tropical deforestation condition,
along with enhanced deficit in moisture over the region.

This study emphasizes the necessity of an accurate representation of surface
characteristics for improving model performance. Higher resolution LULC products at all
scales should be incorporated into the development of climate models since there are
substantial impacts on surface energy balance and atmospheric circulation as described
above. This study addresses only the biogeophysical feedbacks of deforestation on one
dry season month in SE Asia. Further studies that extend the analysis to other seasons and
include biochemical impacts (e.g. from trace gases and aerosols) are expected to provide
a more complete understanding of land use and land cover change on regional climate
change over SE Asia.
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Chapter Six

CLIMATIC IMPACTS DUE TO LAND USE CHANGE OVER
SOUTHEAST ASIAN MARITIME CONTINENT: CLOUD
FORMATION AND PRECIPITATION

From satellite observations, SE Asian maritime continent appeared as one of the
cloudiest regions in the world throughout year, with minimal clearing over the island
chain from Java through Timor during the boreal summer monsoon season [Reid et al.,
2013]. A wealth of previous works using observations, mesoscale and global model
simulations, or combination of both have been carried out recently toward a better
understanding of LULC change impacts on cloud formations and precipitations [Ray et
al., 2009; Hagos et al., 2014; Lejeune et al., 2015;Sugimoto et al., 2015].

As an

extension of the analysis present in the previous chapter, we will assess the variations of
regional cloud formations and precipitations associated with the alteration of the surface
properties, energy budgets, and PBL development based on comparisons of LULC2000
(forested experiment) and LULC2010 (current deforested experiment) experiments.
Sensitivity testing of various soil moisture feedbacks on water cycle and participations of
surface energy budgets are further studied.

6.1 Response of Cloud Formation to Land Use Change
Figure 6.1a and b showed spatial distributions of monthly averaged total cloud
water path (including both liquid water path and ice water path) along with the difference
between LULC2010 and LULC2000. Note that the differences in regional cloudiness
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between the two experiments are statistically significant at most areas. Convective
clouds tended to develop over the forested area in the eastern and south-eastern portions
of the domain (Figure 6.1a). A decrease in spatially averaged CWP due to LULC change
from 2.5°N to coastlines can be seen in Figure 6.1d with an averaged reduction of 16.06
g/m2 over land pixels. Tropical deforestation over the domain can reduce the relative
humidity along with decreasing evapotranspiration, which can suppress local cloud
formations [Takahashi et al., 2010; Betts et al., 2013]. Frequency of occurrence (FOO) of
clouds based on LULC2010 control runs are calculated based on the retrieved CWP,
while monthly averaged FOO above 70% over land can be seen in Figure 6.1c from the
control simulation, which was observed by a previous study over the domain during same
season in other years [Jin et al., 2009]. Thick high level ice clouds, transported from outer
domain, can be observed from both MTSAT and model simulations, which resulted in
relatively noisy temporal variations of the difference of CWP between the two
experiments. Previous studies have reported LULC change has weaker effects on the high
level clouds than on low level clouds [McAlpine et al., 2009; Lo et al., 2013]. Only half
of the days in the month showed a strong decrease in CWP over 50 g/m 2. The reduction
in CWP is accompanied with a decrease in spatially averaged FOO of around 2.3%,
although variations in the integrated total CWP among the LU2010 and LU2000
simulations are more substantial compared to differences in FOC (Figure 6.1d). In order
to examine the LULC change impacts on regional cloud formations, we further compared
LULC2010 and LULC2000 simulated cloud base height (Figure 6.1e and f). About a
100m increase in cloud base height can be seen around the city of Situ, and further north
towards the coast over most deforested area between the two LULC scenarios. This is
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attributed to a decrease in RH in response to the decreased evapotranspiration in these
regions (Figure 6.1f). Consistent patterns have been found by prior research efforts that
show cloud base heights are sensitive to coastal deforestation because changes in surface
vegetation lead to changes in soil moisture and Bowen ratio [Golaz et al., 2002; Ray et
al., 2006]. These results are also in reasonable agreement with cloud base heights
determined from MTSAT imagery during the same period [Minnis et al., 2008].
The increase of cloud base height is supported by the temporal variations of
domain averaged Lifting Condensation Level (HLCL in meters) and total liquid water
mixing ratio (Qm). This shows a decrease in surface moisture reaching the condensation
level due to deforestation for LULC2010 simulation (Figure 6.2). A sharp increase of
HLCL difference in response to LULC change was found in the first week of August due to
few precipitations and less moisture evaporated from the surface. Along with the increase
of Qm in the atmosphere, both domain averaged LCL heights and their differences
between the LULC2000 and LULC2010 simulations have a distinct minimum value in
the middle of the month. Prior investigations have also found that cloud cover is highly
linked to variations of temperature and humidity based on both observations and model
simulations [e.g. Takahashi et al., 2010; Fairman et al., 2011; Nair et al., 2011; Betts et
al., 2014]. Based on the comparisons of LULC2010 and LULC2000 simulations, the land
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Figure 6.1 Spatial distributions of (a) Monthly averaged total cloud water path
(CWP, g/m2) ; (b) Difference of total CWP btw LULC2010 and LULC2000 (c)
Monthly averaged frequency of occurrence of clouds (FOO, %) for LULC2010;
(d) Difference of FOO between LULC2010 and LULC2000; (e) Monthly averaged
cloud based height (m) for LULC2010 (e) FOC and (f) Difference of cloud base
99 The deforestation area has been
height between LULC2010 and LULC2000.
labeled as black plus sign in Figure 6.1 (a), (c), and (e).

Figure 6.2 Temporal variations of monthly averaged (a) lifting condensation level
(m) and (b) total column mixing ratio (10-3 kg/kg) for LULC2010 and LULC2000
simulations, respectively.

only averaged HLCL increased by 9.8% and the total liquid water mixing ratio decreased
by 3.5% averaged over the whole month and over the whole domain.
Figure 6.3a shows diurnal variations of simulated cloud base height for low level
clouds (under 2000m) from LULC2010, the monthly averaged cloud base heights over
both forested and deforested land area, show a tendency to increase throughout the day.
While different land surface conditions produce different patterns of cloud based height
growth during the day, significant increase of cloud base height growth in deforested land
(mainly mixed crop and grass land) typically are several hundred meters higher than the
nearby forested area over the domain, especially in the afternoon. The increase of
regional averaged cloud base height are mainly caused by the deforested area with
decreased vegetation fraction and LAI, according to the comparisons of the simulated
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cloud based heights between LULC2000 and LULC2010 (Figure 6.3b). These results are
in reasonable agreement with cloud base heights determined from both previous satellite
observations and model simulations [Nair et al.,2003].

Figure 6.3 (a) Comparison of diurnal variation of averaged low level cloud base
height over forested and deforested land for LULC2010; (b) comparisons of
monthly averaged low level cloud base height over forested and deforested land
for LULC2000 and LULC2010 experiments, respectively.
Although the reduced evaporations due to tropical deforestations would increase
the cloud base height and decrease the lower level clouds, other processes in the region
can increase the cloud cover during daytime [Marshall et al., 2003]. By comparing model
simulations with continuous MTSAT observations between 03:30 UTC and 06:30 UTC
(UTC+8, day time from noon to the afternoon), the increased land surface temperature
over deforested area are found to enhance the local convection due to warm surface
temperature and form frequent convective clouds in the region (Figure 6.4 a-h).
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Figure 6.4 Spatial distributions of total cloud water path (CWP, g/m2) over Aug, 13, 2009 at 0330 UTC from (a) LULC2000
(b) LULC2010 (c) difference between LULC2010 and LULC2000 (d) MTSAT visible band. (e), (f), (g), and (h) are the same
as (a), (b), (c) and (d), but for 0430 UTC. Then (i),(j),(k), and (l) for 05:30 UTC. (m), (n), (o), and (p) for 06:30 UTC
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The enhanced temperature difference between land and ocean, along with decreased
roughness length over deforested land would further increase the strength of sea breeze in
the coast area, elevate the warm and moist air from the near coast ocean water, and thus
increase the low level clouds (Figure 6.4 i - p). Gianotti and Eltahir (2013) has described
the same enhancement of convective clouds over maritime continents from their new
designed parameterization method in Regional Climate Model (RegCM3) coupled to the
sophisticated land surface scheme integrated biosphere simulator.

6.2 Impacts of Deforestation on Precipitation
This section compares monthly accumulated precipitation between LULC2010
and LULC2000 simulations to examine the effect of tropical deforestation on
precipitation over SE Asia maritime continents (Figure 6.5). In general, most of the
deforested area experienced more than a 10% decrease in precipitation (around 25-50
mm/month), which is coincide with regions of reduced CWP mentioned in the last
section. The mean change in monthly accumulated rain fall over land in grid 4 domain
showed a decrease of -27.77 mm. An increase in precipitation around the city of Sibu in
the southeast of the domain can be attributed to an increase in convection due to warmer
surface temperatures with higher sensible heat fluxes. The impacts of LULC change on
daily averaged precipitations also show a 3-5mm (~10%) reduction in rainfall during
those days with the heaviest precipitation in the middle of the month. The temporal
variations of rainfall differences are noisy because temperature and humidity affect local
convective parameters such as convective available potential energy and moist enthalpy
which could counteract each other and result in minimal changes in the rainfall pattern
[Collow et al., 2014]. On the other hand, changes in evaporative fraction (η) and total
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precipitable water (PW) from the two experiments over the domain were shown in in
Figure 6.5c, d, e and f, respectively. With respect to the region where the greatest
reduction of forests is located within the domain, only a 6.4% decrease in vegetation
fraction are observed, because 60% of the deforested area between 2000 and 2010 has
been repurposed for agricultural expansion [Miettinen et al., 2011]. Previous modeling
work has shown that regional evaporation and precipitation are sensitive to vegetation
fraction change (i.e. reduction in vegetation fractions decreases precipitation) [Sud et al.,
2001; Collow et al., 2014]. Those regions with more than 10% decrease in vegetation
fraction have seen over 5% reduction in evaporative fraction (Figure 6.5d), which
indicates a decrease of evapotranspiration associated with surface latent heat flux. The
large decrease in PW is found from 2.5°N to the coastlines, which is consistent with the
reduction of CWP over the region (Figure 6.5f). The deforested area with enhanced land
breeze circulations can blow moisture near the coastal area further out of the domain in
both night time and earlier morning [Wang et al., 2008].
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Figure 6.5 Spatial distributions of (a) Monthly total rain fall (mm/month) for
LULC2010 simulations ; (b) Difference of total rainfall between LULC2010 and
LULC2000 (c) Monthly averaged Evaporative fraction (h, %) for LULC2010; (d)
Difference of h between LULC2010 and LULC2000; (e) Monthly averaged total
precipitatable water (mm) for LULC2010 (e) FOC and (f) Difference of total
precipitatable water (mm) between LULC2010 and LULC2000. The deforestation
area has been labeled as black plus sign in Figure 6.1 (a), (c), and (e).
105

Figure 6.6 Spatial distributions of upward moisture fluxes (10-4 kgm-2s-1) along
with 10 meter horizontal surface wind vectors on 06UTC, August 15, 2009 from
(a) LULC2010 and (b) LULC2000 simulations. Vertical-longitudinal crosssection of vertical winds (m/s) from (c) LULC 2010 and (d) LULC2000
simulations. The blue colour indicates ascending motion, whereas the red
colour represents descending motion, with locations of deforestations labelled
as grey color bar in the bottom. Vertical profiles of (e) virtual potential
temperature (K), and (f) the difference of qv (K) between LULC2010 and
LULC2000 simulations.
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In Figure 6.6, we further examined the simulated upward moisture fluxes overlaid
10 meter surface winds along with vertical profiles of winds and virtual potential
temperature (qv) on 06 UTC August, 15, 2009 with one of highest daily accumulated
precipitations observed during the month. On this day, the largest daily rainfall
differences of the month are also observed. Comparing Figure 6.6a and b, weak upward
moisture fluxes from LULC2010 can be seen in the box R1, which result in a sharp
decrease in precipitation due to regional deforestation. In box R2, the wind direction has
changed due to surface roughness decreases, which enhances the surface moisture
convergence to produce heavier precipitation. Higher upward moisture fluxes around
cropland boundaries in LULC2010 simulations are shown to be regions with large CAPE
leading to increased cloud depth and heavier precipitations (R3) [Garica-Carreras and
Parker et al. 2014]. The Figure 6.6c and d shows longitudinal cross-sections of vertical
winds along 2.4°N for 06UTC based on LULC2010 and LULC2000 simulations, and
deforested areas that changed from evergreen forests in LULC2000 to mixed croplands in
LULC2010 simulations are labelled with grey lines on the bottom. The red and blue
colors indicate ascending and descending motion, respectively. The enhanced downward
winds along with more active shallow convection can be seen above deforested area in
Figure 6.6c. Similar patterns have been reported by Wang et al. [2008], where their
statistical results over the Amazon basin found enhanced active shallow convection over
the deforested areas and deep convection over the forested areas. The increased deep
convection suggests a more unstable atmosphere above tropical forests. Figure 6.6e and f
show the vertical-longitudinal cross-sections of virtual potential temperature and their
differences between LULC2010 and LULC2000 simulations. Close to 2K colder qv in the
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surface layers indicated drier air in the surface, and warmer qv was found in the upper
level between the two LULC scenarios. This structure of virtual potential temperature
supoorts the development of descending motion in the boundary layer during the
afternoon because of large-scale deforestations [Takahashi et al., 2010].
Moreover, Figure 6.7 displays a cross-section showing the changes in the monthly
mean of several variables in LULC2010 compared to LULC2000 experiment, along a
West-East transect across the land area over grid4, which is used to understand the
associated factors determining the regional precipitation changes. The first panel in
Figure 6.7 indicates the difference of upward vertical winds between LULC2010 and
LULC2000, which shows a clearly enhanced surface upward motion (blue color) near the
surface and weakened high level upward motion (red color) between 111.7°E and
111.9°E. Decrease in monthly averaged precipitations can be associated with the
decreased upward motion in upper atmosphere (>4km). Previous studies have also shown
that the weakening deep convection due to the removal of tropical forests over the
maritime continents have largely contributed to the reduction in precipitation over the
region [Wang et al., 2009; Synder et al., 2010]. Besides, decreasing of Precipitation is
also coincide with deficit in soil moisture and reduced vegetation fractions. These results
are consistent with recent modelling work related to the impacts on precipitation by
comparable scenarios of deforestations associated with decreasing evapotranspiration and
surface energy budgets [Lejeune et al. 2015]. The increase of daily precipitation from
LULC2010 experiment can be correlated with enhanced soil moisture over the reforested
area near 112.1°E. The typical hypothesis between soil moisture and local precipitation
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Figure 6.7 Longitudinal cross-sections showing monthly averaged changes in
several variables in LULC2010 compared to LULC2000, along the transect drawn
in Figure6.6. Values are averaged latitudinally over a 1° band cover all land pixel.
Upper panel changes in vertical (filled contours) wind velocities with altitude. 2nd,
3rd, and 4th panels: mean changes in daily precipiation, mean changes in surface
soil moisture, and vegetation fractions.
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has been widely revealed in previous study [Cook et al., 2005]. The moist soil can result
in higher upward moisture flux from the land surface to the lower atmosphere, and
further enhance the precipitation through produce greater humidity and more low level
clouds. Besides, the enhanced upward moisture flux from the surface can also increase
the moisture convergence over the domain.

6.3 Sensitivity of Soil Moisture to Cloud formations and Precipitation
Sensitivity testing of various soil moisture feedbacks on water cycle and participations of
surface energy budgets are further performed by conducing simulations with same
configurations with LULC2010 but changing the initialized soil moisture from 20%
reduction to 80% increase in the model runs. To be specific, the regional averaged soil
moisture varied from 0.228 m3/m3 to 0.513 m3/m3. Several important climatic variables
such as surface radiations, upward moisture fluxes, cloud, precipitation, and indicator for
atmospheric instability are assessed based on various soil moisture experiments,
respectively. Increased soil moisture have clearly resulted in reduced sensible heat
radiation and enhanced latent heat fluxes, which are expected to increase stability of the
lower atmosphere and reduce moisture convergence from the surrounding oceans (Figure
6.8a and b) [New et al., 2003]. The increased latent heat flux in the experiments with
moist soil can decrease surface temperature due to enhanced evaporate cooling, and
increase the surface pressure. These changes at the surface can further increase the
atmospheric stability, decrease the boundary layer height, and impact the vertical profiles
of equivalent potential temperature (Same as Fig. 6.6f). Atmospheric stability show
strong influence on local cloud development and precipitation processes by modulating
vertical motions. The decrease in regional averaged cloud water path can be seen along
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with the increase in upward moisture flux. The increase of region precipitation is not
seen as we expect from the positive feedbacks between soil moisture and precipitation
mentioned earlier. In Figure 6.8e, the increase of extreme rainy days can only

Figure 6.8 Sensitivity of various climatic variables respects to soil moisture
feedbacks: (a) Sensible Heat Flux (Wm-2) (b) Latent Heat Flux (Wm-2) (c)
Upward Moisture Flux (10-4 kgm-2s-1) (d) Cloud total water path (gm-2) (e)
Monthly averaged total rainfall (mm/month) (f) K values indicate atmospheric
instability
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be seen in the +20% MOIST experiment, while the regional averaged precipitation are
not sensitive to unrealistic moist soil. The atmospheric indicator (K values, George,
1960) is also not sensitive to experiments with various soil moistures, while slightly
higher K values can be seen in -20% experiment associated with weak atmospheric
stability.

6.4 Summary and Conclusions
The primary motivation of this study is to determine the geophysical effects of the
ongoing deforestation on regional climate, particular cloud formations and precipitations
over SE Asian maritime continent.

Tropical deforestation over the domain caused a

decrease in frequency of occurrence of clouds above the deforested area accompanied by
a decrease in domain averaged cloud total water path and an increase in cloud base
heights, which were all consistent with geostationary satellite observations. Precipitation
patterns are consistent with the distribution of clouds, which is associated with decrease
in vegetation fraction, evaporative fraction, and total precipitable water. Tropical
deforestation over SE Asian lowland changes local precipitation pattern by enhancing the
land breeze near the coast which controls surface moisture convergence with varying
surface temperatures and wind profiles.
The conceptual model is presented in Figure 6.9 to illustrate the impacts of
tropical deforestation on discussed processes in this study. Statistics results of surface
properties are shown based on monthly average values from LULC2000 (forested) and
LULC2010 (deforested). During daytime (top row), surface sensible heat flux increased
due larger land surface temperature over deforested land can be observed along with
significantly decreased latent heat fluxes. The increase in temperature (including
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maximum temperature in the afternoon) with decrease relative humidity would result in
the increase in both lifting condensation level and PBLH, which leads to reduced clouds
and local precipitations. However, the increase surface temperature with reduced surface
roughness due to deforestation increase the temperature discrepancy between ocean and
coast, thus strongly enhance sea breeze. This would increase the complexity over the
domain, and produce heterogeneous effects on clouds and rainfall near the coast area, due
to abundant moisture from the ocean water. During night time, the minimum temperature

Figure 6.9 A conceptual model that illustrates the climatic impacts of tropical
deforestation on the change of surface radiative fluxes, boundary layer development,
cloud formation and precipitation over Southeast Asian Maritime Continent. denotes increase, and ¯ denotes decreases. QE and QH represent latent heat and
sensible heat fluxes, RH represents relative humidity, DTR represents diurnal
temperature range, HLCL represents lifting condense level, PW represents total
precipitable water. Numbers are based on regional monthly averaged results from
LULC2000 and LULC2010
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has been increased due to reduced evaporating cooling from drier surface, and thus
decreases the diurnal temperature range. The land breeze is also enhanced due to reduced
roughness length and increased temperature difference, and thus leads to decrease in
humidity in the night time atmosphere. Nonetheless, the regional influence of
deforestation has been apparently weakened during the night time, since net SW radiation
has been diminished to zero along with shallow and stable boundary layer.
A multi-scale and multi-year analysis of modeling and field campaign
measurements are needed to further evaluate the conceptual model proposed here. The
complex geographical and frequently varied meteorological conditions of the SE Asian
Maritime continent requires integrated utilization of both the observation and numerical
modeling to resolve the processes at the local and regional scales toward a fully
understanding of tropical deforestations effects over the region. The conceptual model in
Figure 6.9 from this study only addresses the impact of deforestation on one season
month during warm phase of ENSO events. Further study that extends the analysis to
other season is required to understand the overall impacts of LULC changes on clouds
and precipitations between drier and wetter months.
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Chapter Seven

CONCLUSIONS AND FUTURE WORK

7.1 Conclusions
The influences of land-use changes have been suggested as important reasons for
climate change over SE Asia. In this study, the Advanced Weather Research and
Forecasting (WRF) numerical model was used to investigate the climatic impact of
tropical deforestation on the monthly and regional variations of atmospheric flow, cloud
and precipitation formation on SE Asian Maritime Continents. Uncertainties associated
with characterizations and parameterizations of land surface in the model were first
examined based on a set of experiments with multi-physical packages, against in situ
measurement network and satellite observations. Analysis of these numerical simulations
is used to qualify the sensitivity to physical parameterization and land characterization in
model simulations. Review of literature suggests that one of the unique aspects of the
present study is that this study integrated high resolution land use data sets into numerical
model, and provided the first attempt to qualify biogeophysical feedbacks of realistic
tropical deforestations to regional climate over SE Asia maritime continents: a region
with big challenge to establish quantitative linkages of land use changes to the regional
environmental system due to its geographic, meteorological, and hydrological
complexity.
In order to qualify biases of model simulated surface variables, precipitation and
cloud fields, and thus to find the model configurations with best performance in
simulating regional climate over the study area based on uncertainties and sensitivity
115

analysis of various parameterization and land characterization in the model, we perform
twenty-four experiments parameterized with various physical schemes of cumulus (CU),
planetary boundary layer (PBL) and land surface (LSM) scheme coupled with or without
accurate land data sets over SE Asia maritime continent during summer monsoon month
(August, 2009). According to the matrix of WRF biases, most experiments successfully
reproduce surface climate variables, vertical profiles of temperature and moisture, along
with both regional rainfall and cloud development. LSM schemes along with changes in
land characterizations strongly affect surface climate variables, particularly for
temperature simulations. Both PBL and LSM schemes have shown strong influences on
vertical distributions of moistures in lower atmosphere, especially for nocturnal boundary
layer. CU schemes are found to have larger influence on precipitations than PBL
schemes, while the change of LSM scheme in WRF does not significantly change the
simulations of spatial distribution of monthly total rainfall. The frequency and amount of
cloud formations are most sensitive to PBL schemes in grids with higher spatial
resolutions, however, to a lesser extent for LSM schemes. Overall, Grell 3D cumulus
scheme and ACM2 PBL scheme represent their strength in simulating total rainfall and
cloud fields over the study area in the selected period, while combing those two schemes
with Noah LSM appears to show the best performance in estimations of those climate
variables among those experiments in this study. By using Noah LSM scheme with
higher level of complexity than PLX, the sensitivity of most surface variables and lower
level atmosphere to LULC changes can be improved among those experimental results.
On average, tropical deforestation over the domain caused regional increase
(+1.2Wm-2) in sensible heat transfer along with a decrease (-11.7Wm-2) in latent heat
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flux, which is mainly associated with a decrease in evapotranspiration and an increase in
land surface temperature from apparently reduced surface roughness, LAI, and
Vegetation Fraction. Major deficit in latent heat flux along with excess in sensible heat
flux happens during the day time with strong incident solar radiation, while lower
variations in non-radiative flux balance during the night time. The WRF simulations
show that deforestation in the finest grid leads to a decrease of 0.3°C in diurnal
temperature range due to LULC change from forests to agricultural land over the domain.
Less evaporation, low surface roughness and less soil moisture from crop and grass
mixed land can result in apparent decreasing in relative humidity and increase both daily
maximum and minimum temperature. The diurnal temperature changes have been
reduced due to larger increase in T2min than T2max since stronger ground heat flux released
from the agriculture land area. Surface wind speeds have increased over the deforested
areas, which can be attributed to an increase in surface temperatures and a decrease in
aerodynamic roughness length. Tropical deforestation over the domain has developed a
warmer and drier PBL, along with frequent convergence and shallow convection over
deforested areas. Sensitivity tests have shown a consistent increase trend of surface
temperature and total wind speed under an increasing tropical deforestation condition,
along with enhanced deficit in moisture over the region.
To summarize, the primary relation between tropical deforestation under maritime
conditions and the formation of convective clouds is complicated since the presence of
several feedbacks: 1) enhanced mesoscale circulation can increase the low level cloud
occurrence near the coastal region; 2) this feedback would be further enhanced by
increase in shallow convection over those transition areas due to increase in the
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temperature difference between forested and deforested land; 3) the reduction in
evaporations over deforested area would reduce the available moisture in the lower level
and increase the cloud base height in the PBL. During the study period, tropical
deforestation over SE Asia MC region has resulted in 7.3% decrease in cloud total water
path and 2.3% decrease in frequency of occurrence of cloudiness, which is according to
reduced evaporation along with 4.3% increase in cloud base height. Mover, the complex
geographic conditions over maritime continents result in combined positive and negative
feedbacks on regional precipitations developments: 1) the reduction of evaporation over
deforested area would result in decrease in upward moisture fluxes and total precipitable
water in the atmosphere, thus decrease the precipitation; 2) the decrease in relative
humidity due to deforestation reduced the convective available energy (CAPE) and
increase the atmosphere stability over deforested area, thus reduce the deep convection,
and further enhance the precipitation reduction during the select month; and 3) enhanced
sea breeze due to deforestation, which increase the occurrence of low level cloud over
transition area near the coastal region along with shallow convection, would offset above
feedback and make it different with continental deforestation over Amazon and African
forests. Tropical Deforestation over SE Asia MC region has resulted in a reduction in
accumulated precipitation of about 27.77mm or 10% of rainfall during the selected wet
month of the year.

7.2 Future Work
More extensive modeling experiments are expected to get better evaluations of
WRF’s capability on regional climate simulations. These experiments include those tests
with several important radiation and microphysics schemes that have been coupled in the
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WRF model. Previous studies have also indicated their strong influence on rainfall and
cloud formations. Due to computational limitations, we cannot perform all those tests
here. Additionally, the spatial resolution, domain size, the considered time or period of
the year, and most importantly the forcing fields used at lateral boundaries and/or for the
grid nesting would also have big contribution on the accuracy of WRF simulations over
the region.
This study emphasizes the necessity of an accurate representation of surface
characteristics for improving model performance. Higher resolution LULC products at all
scales should be incorporated into the development of climate models since there are
substantial impacts on surface energy balance and atmospheric circulation as described
above. This study addresses only the biogeophysical feedbacks of deforestation on one
dry season month in SE Asia. Further studies that extend the analysis to other seasons and
include biochemical impacts (e.g. from trace gases and aerosols) are expected to provide
a more complete understanding of land use and land cover change on regional climate
change over SE Asia.
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